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ABSTRACT 
In the recent past, the Mesopotamia region has been rich in all forms of biological 
diversity, characterized by a fertile living environment and natural habitats full of rare 
birds, wild animals, aquatic animals, and diverse plants. Its natural abundance and 
geographical location have allowed it to be break or transit point for millions of 
migratory birds from Russia to South Africa. It is a breeding ground for many species of 
Persian Gulf fish. Despite all this historical, environmental and economic richness, they 
have been neglected as a result of the combination of a number of human and climatic 
factors, which in 16 years (1988-2003) has modified them to a land where vegetation, 
water, and biodiversity have been clearly reduced. This is a great environmental loss, not 
only for West Asia but for the whole world. This dissertation explores the changes in the 
vegetation coverage and water bodies in the Mesopotamian marshes, Iraq over more than 
three decades (36 years) using different sources of satellite remote sensing datasets. 
Firstly, we utilized Normalized Difference Vegetation Index (NDVI) from the Land Long 
Term Data Record (LTDR) Version 5 which has a 0.05o x 0.05o in spatial resolution and 
daily temporal repeat to monitor the fluctuations of vegetation together with hydrological 
variables such precipitation, surface temperature, and evapotranspiration. In this research, 
we studied the impact of climate change and anthropogenic activities on vegetation and 
water coverage changes. Secondly, we compared Normalized Difference Vegetation 
Index from various satellite sensors - Moderate Resolution Imaging Spectroradiometer 
(MODIS), Advanced Very High-Resolution Radiometer (AVHRR), and Landsat over the 
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Mesopotamian marshlands for 17 years. We selected this time series (2002-2018) to 
monitor the changes in vegetation area. The time series (2002-2018) is considered as a 
period of rehabilitation for the Mesopotamian marshes. Thirdly, as a result of human 
factors and local and regional climate changes, the marshes and Iraq are in general 
vulnerable to face a large number of dust storms annually. According to local sources 
(Iraq news) and National Aeronautics and Space Administration, the time period from 
June 29 to July 8, 2009, is considered the longest dust storm period in Iraq during last 
decade. In this research, we utilized the Moderate Resolution Imagining 
Spectroradiometer, surface reflectance daily data to calculate the Normalized Difference 
Dust Index. Additionally, brightness temperature data from Aqua thermal band 31 were 
used to separate sand on the ground from atmospheric dust. The main reasons for the 
degradation of the Mesopotamian marshes were due to anthropogenic activities. In the 
comparison research, we found that the NDVI derived from MODIS, AVHRR and 
Landsat sensors are correlated with high precision. This paper investigates the utility of 
combining low spatial resolution with frequent temporal repeat and long-term coverage 
and a high spatial resolution with infrequent temporal repeat and similar long-term 
coverage. This study also proves that we can use the low-resolution Advance Very High-
resolution Radiometer data for studies on land cover change. 
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CHAPTER I INTRODUCTION 
Vegetation is one of the most important variables in the ecosystem and is intensely 
monitored for its role in geosphere, biosphere and atmosphere interactions and plays an 
important role in global weather and climate. Vegetation controls the partitioning of 
incoming solar energy into sensible and latent heat fluxes and consequently changes in 
vegetation amount will result in long term changes in the energy balance, which will, in 
turn, affects vegetation growth. Vegetation has special characteristics due to its distinct 
annual and seasonal variability it is a sensitive indicator of changes in the climate and 
environment and this is currently one of the major areas of study using remote sensing. 
Human-induced deforestation is one of the main causes of the reduction in vegetation 
coverage. Thirty percent of the earth’s land area or about 3.9 billion hectares are covered 
by forest. Almost half of Earth's original forest cover is gone, much of it destroyed within 
the past three decades [1]. The whole world is facing an environmental crisis on account 
of heavy deforestation as in the Amazon rainforests [2]. In addition, the timber logging 
has a large impact on the natural forest and forest-dwelling people as in Indonesia [3]. 
Plantations provide a positive benefit and should assist in slowing the rate of 
deforestation. The deforestation has direct impact on the biodiversity that decreases with 
increases the deforestation [4]. The fact that plantations remove the timber pressure on 
natural forests does not translate eventually into less, but rather into more deforestation 
[2]. The global landscape includes wetlands that are transitional lands between terrestrial 
and aquatic systems that provide many ecosystem services including flood water 
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retention, water quality maintenance, wildlife habitat, and soil erosion control [5]. To 
prevent a further loss of wetlands, and conserve existing wetland ecosystem for 
biodiversity and ecosystem services and goods, it is important to monitor and carry out an 
inventory of the wetlands and their adjacent uplands [5]. The world’s wetlands are 
recognized as one of the most important environments for natural resources and they are 
a perfect ecosystem for various species of birds, plants, and animals that provide income 
for local economies through fishing, recreation, grazing for cattle, and reed harvesting [6-
8]. The freshwater portions of the land surface of marshes are inhabited by aquatic plants 
such as Phragmites Australis, Typha Angustata and Cyperus Papyrus. Common 
submerged angiosperms include Ceratophyllum Demersum, Jussaea Repens, 
Myriophyllum Spicatum, Ranunculus Sphaerocarpus, Vallisneria Spiralis and 
Zannichellia Palustris as well as an alien macrophyte [9]. Phragmites Australis is the 
most dominant community in all marshlands [10]. Wetlands have disappeared in many 
parts of the world either due to land-use change, human intervention and/or climate 
change [9]. Wetlands are affected by regional and local climate changes caused by land 
surface temperature, water temperature, and soil chemistry effects [11]. All of the 
wetland areas have suffered and are still exposed to changes that lead to a loss in the 
ecosystem, rapid development of communities in both developing and developed world. 
One example from the Middle East comes from the country of Iraq that is home to the 
marshes of Mesopotamia. 
The Mesopotamia marshes in Iraq are considered one of the most important 
wetlands in the world. It is the largest ecosystem of its kind in the Middle East and 
Western Asia as well as the home to one of the oldest civilizations in the world. [12]. The 
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Mesopotamia marshes are locally called ‘Al-Ahwar’, and are sandwiched between three 
provinces namely Maysan, Dhiqar and Basra. They lie in the vast floodplain between the 
Euphrates and the Tigris Rivers in the lower part of the Mesopotamia basin. The 
floodplains are an area of flat elevation and have been created through the accumulation 
of alluvial materials carried by surface water from the upstream reaches [13]. During the 
past few decades, the area of marshlands has varied between 10,500 km² and 20,000 km² 
(in flood seasons). The three main marshes are the AlHammar, The Central marshes (Al-
Amarah) and Al-Huwaiza. The marshlands died out during the late 1980s and early 1990s 
as the political regime altered the flow of the Tigris and the Euphrates by the construction 
of dams and canals upstream and this contributed to the occurrence of ecological 
disasters [14]. The marshes with the most damage were Al-Hammar and The Central 
marshes, where the percentage of the degradation reached up to 97%; however almost 
30% area of the Al-Huwaiza marshes remained effective as a result of Karkha River that 
continued to feed the northeastern part of this marsh [12]. The degradation led to the 
transformation of the marshes to barren lands. These massive drainage alteration 
operations are considered as one of the greatest environmental disasters in the world 
[12,15,16]. After the fall of the regime responsible for these drainage alterations in April 
2003, the marsh dwellers uprooted most of earthen dams as well as dikes on the 
Euphrates and the Tigris Rivers and water started flowing back towards the marshlands 
[17]. Within three years after normal flows, the Mesopotamia marshes re-established 
close to the historical time period. Various species of flora and fauna began returning 
[16]. The percentage of recovery was between 50% and 60% as compared to the wetlands 
before alteration [18].
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1.1 NORMALIZED DIFFERENCE VEGETATION INDEX (NDVI) 
The Normalized Difference Vegetation Index (NDVI) is a simple numerical 
indicator that can be used to observe the vegetation coverage. The NDVI can be 
calculated from the visible (Red, Green, and Blue) and Near-Infrared (NIR) bands of the 
electromagnetic spectrum. NDVI can be utilized to analyze remote sensing measurements 
and assess whether the target being studied includes live green vegetation. NDVI has 
been used in wide applications in vegetation researches such as pasture performance, 
vegetation coverage changes in wetlands, to evaluate crop yields. Predominantly, NDVI 
is directly related to ground parameters such as the percentage of ground coverage, 
internal leaf scattering and green leaf density, which increases with photosynthetic 
activity [19]. Generally, green leaves (healthy vegetation) absorb most of the visible light 
(VIS; 0.4–0.7 mm) and reflect most of NIR light (NIR; 0.7–1.05 mm). Unhealthy or 
sparse vegetation reflects more visible light and less NIR light (Figure 1.1). Bare soils, on 
the other hand, reflect moderately in both the red and infrared portion of the 
electromagnetic spectrum [19-21]. Since we understand the behavior of vegetation 
throughout the electromagnetic spectrum, we can derive NDVI records via focusing on 
the satellite bands that are most sensitive to vegetation data (NIR and red). The higher the 
difference consequently between the NIR and the red reflectance, more green vegetation 
is present (Figure 1.2). The NDVI algorithm subtracts the red reflectance values from the 
NIR and divides it by the sum of NIR and red bands [19].  
This formula permits us to cope with the reality that two identical patches of 
vegetation could have one of a kind values if one were, for example in bright sunshine, 
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and any other under a cloudy sky. The bright pixels would all have larger values, and 
therefore a larger absolute distinction between the bands. This is avoided through 
dividing by way of the sum of the reflectance. Theoretically, NDVI values are 
represented as a ratio ranging in value from -1 to 1 but in practice, extreme negative 
values represent water, values around zero represent bare soil and values over 6 represent 
dense green vegetation [20,22]. In this dissertation, I used different data sources such that 
provide global NDVI.  The data sources are Advances Very High-Resolution Radiometer 
(AVHRR), Moderate Resolution Imaging Spectroradiometer (MODIS) and Landsat and 
Sentinel-2. The bandwidths of the red and NIR bands were used to compute NDVI differ 
for the mentioned sensors. The Landsat red band is between 620 and 690 nm, NIR (770 
to 900 nm) and MODIS red (nominally 620 to 670 nm) and NIR (841 to 876 nm) bands 
are much narrower than the AVHRR red (585 to 680 nm) and NIR (730 to 980 nm) 
bands, while the Sentinel-2 red band is between 665 and 700, and NIR band (833 to 864). 
1.2 DISSERTATION STRUCTURE 
The overall objects of this dissertation are to detect changes in the Mesopotamian 
marshlands over almost more than thirty years and evaluate NDVI data thatis derived 
from different datasets as well as to improve the spatial resolution of satellite-derived 
NDVI recuperation by using other sources of high spatial resolution. 
Chapter 2 presents the statistical analyses between NDVI and meteorological data 
to demonstrate the sensitivity of vegetation index. Since the Mesopotamian marshes have 
been subjected to extremely drastic events through a long time series (i.e., 36 years),  we 
examined the relation between different water cycle variables and the examination of 
vegetation and water coverage changes, and concentrate on the outcome of climate 
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change and human actions on the Iraqi marshes and considered additional ground 
observations alongside the satellite datasets. NDVI derived from AVHRR and 
meteorological data have been analyzed to evaluate the fluctuation and trends in water 
and vegetation coverage. 
Chapter 3 focuses on the NDVI that is derived from different sensors (MODIS 
and Landsat 7 the Enhanced Thematic Mapper Plus (ETM+) are evaluated versus NDVI 
derived from AVHRR for the Mesopotamian marshlands, Iraq, by using the time series 
trend analysis. Additionally, this chapter aims to evaluate the accuracy of time series 
fluctuations trends analysis of AVHRR NDVI comparison the 1 km in spatial resolution 
from Terra MODIS (MOD13A2) NDVI data and, 30 m Landsat 7 ETM+ NDVI data. 
Then the relationship between the NDVI values from the three different sensors will be 
examined to understand the spatial patterns and the correlation of the NDVI values. 
Chapter 4 this chapter uses MODIS Surface Reflectance Daily L2G Global data to 
calculate the Normalized Difference Dust Index (NDDI). The MYD09GA V006 product 
was utilized to monitor, map, and assess the development and expansion of Sand and 
Dust Storms (SDS) over arid and semi-arid lands of Iraq. Besides, Brightness 
Temperature (TB) from the Aqua/ MODIS thermal band 31 were utilized to distinguish 
atmospheric dust from the sand on the land surface. The MODIS Level 2 MYD04 deep 
blue 550nm Aerosol Optical Depth (AOD) data have been used in this research. It keeps 
precision even over incandescent desert surfaces.
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1.3 TABLE AND FIGURES 
 
Figure 1. 1. Shows plant physiology defines the quality of reflected light from leaves.
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Figure 1. 2. Shows the vegetation spectrum commonly absorbs in the red and blue 
wavelengths, reflects in the green wavelength, firmly reflects in the NIR wavelength, and 
showcases strong absorption features in wavelengths where water is available. 
(https://www.harrisgeospatial.com/Learn/Whitepapers/Whitepaper-
Detail/ArtMID/17811/ArticleID/16162/Vegetation-Analysis-Using-Vegetation-Indices-
in-ENVI). 
9 
 
1.4 REFERENCES 
1. Bryant, D.; Nielsen, D.; Tangley, L. The Last Frontier Forests: Ecosystems and 
Economies on the Edge. Washington (DC): World Resources Institute, 1997. 
2. Chakravarty, S.; Ghosh, S. K.; Suresh, C. P.; Dey, A. N.; Shukla, G. Deforestation: 
causes, effects and control strategies. Global perspectives on sustainable forest 
management I, 2012: 1-26. 
3. Kartodihardjo, H.; Agus S. The impact of sectoral development on natural forest 
conversion and degradation: The case of timber and tree crop plantations in 
Indonesia. No. 26. Bogor, Indonesia: Center for International Forestry Research, 
2000. 
4. Daily, G. C.; Paul, R. E. Development, Global Change, and the Epidemiological 
Environment. 1995. 
5. Ghobadi, G. J.; Bahram, G.; Osman, M. D. Forest fire risk zone mapping from 
geographic information system in Northern Forests of Iran (Case study, Golestan 
province. International Journal of Agriculture and Crop Sciences 4, no. 12, 2012, 
818-824. 
6. Maxwell, G. People of the Reeds; ASIN: B0007DMCTC; Harper: New York, NY, 
USA, 1957; 223p. 
7. Young, G. Return to the Marshes: Life with the Marsh Arabs of Iraq; Collins: 
London, UK, 1977; 224p, ISBN 9780571280971. 
8. Tiner, R.W.; Lang, M.W.; Klemas, V.V. Remote Sensing of Wetlands: Applications 
and Advances, 1st ed.; CRC Press and Taylor and Francis Group: Boca Raton, FL, 
USA, 2015; 555p, ISBN 9781482237351. 
10 
 
9. Al-Handal, A.; Hu, C. MODIS Observations of Human-Induced Changes in the 
Mesopotamian marshes in Iraq. Wetlands. 2015, 35, 31–40. 
10. Mohamed, A.-R.M.; Hussain, N. Evaluation of fish assemblage environment in 
huwazah marsh, Iraq using integrated biological index. Int. J. Curr. Res. 2014, 6, 
6124–6129. 
11. Erwin, K.L. Wetlands and global climate change: The role of wetland restoration in 
a changing world. Wetl. Ecol. Manag. 2009, 17, 71. 
12. Partow, H. The Mesopotamian Marshlands: Demise of an Ecosystem. Nairobi 
(Kenya): Division of Early Warning and Assessment, United Nations Environment 
Programmer; UNEP Publication: Nairobi, Kenya, 2001. 
13. Lubinski, B.J.; Jackson, J.R.; Eggleton, M.A. Relationships between floodplain lake 
fish communities and environmental variables in a large river-floodplain ecosystem. 
Trans. Am. Fish Soc. 2008, 137, 895–908. 
14. Vinez, M.; Leonard, S. The Iraq Marshlands: The Loss of the Garden of Eden and 
Its People; PLSI No. 3443; Illinois State University: Normal, IL, USA, 2010. 
15. Brasington, J. Monitoring marshland degradation using multispectral remote sensed 
imagery. In the Iraqi Marshlands: A Human and Environmental Study; Nicholson, 
E., Clark, P., Eds.; Politico’s: London, UK, 2002; pp. 151–168. 
16. Richardson, C.J. The Status of Mesopotamian Marsh Restoration in Iraq: A Case 
Study of Transboundary Water Issues and Internal Water Allocation Problems; 
Towards New Solutions in Managing Environmental Crisis; University of Helsinki: 
Helsinki, Finland, 2010. 
11 
 
17. Fitzpatrick, R.W. Changes in Soil and Water Characteristics of Natural, Drained 
and Re-Flooded Soils in the Mesopotamian Marshlands: Implications for Land 
Management Planning; Client Report; CSIRO Land and Water: Canberra, Australia, 
2004. 
18. Richardson, C.J.; Reiss, P.; Hussain, N.A.; Alwash, A.J.; Pool, D.J. The restoration 
potential of the Mesopotamian marshes of Iraq. Science, 2005, 307, 1307–1311. 
19. Tucker, C.J. Red and photographic infrared linear combinations for monitoring 
vegetation. Remote Sens. Environ. 1979, 8, 127–150. 
20. Justice, C. O.; Townshend, J. R. G.; Holben, B. N.; Tucker, E. C. Analysis of the 
phenology of global vegetation using meteorological satellite data. Int. J. Remote 
Sens., 1985, 6, 1271–1318. 
21. Holm, A.M.; Burnside, D.G.; Mitchell, A.A. The development of a system for 
monitoring trend in range condition in the arid shrublands of Western Australia. 
Australian Rangeland Journal, 1987, 9:14-20. 
22. Santos, P.; Andrew, J. N. A comparison of the normalized difference vegetation 
index and rainfall for the Amazon and Northeastern Brazil. Journal of applied 
meteorology, 1997, 36.7: 958-965.
12 
 
CHAPTER II USING SATELLITE REMOTE SENSING TO STUDY THE IMPACT 
OF CLIMATE AND ANTHROPOGENIC CHANGES IN THE MESOPOTAMIAN 
MARSHLANDS, IRAQ 1 
  
 
1 Albarakat, R.; Lakshmi, V.; Tucker, C. Using Satellite Remote Sensing to Study the 
Impact of Climate and Anthropogenic Changes in the Mesopotamian Marshlands, Iraq. 
Remote Sens. 2018, 10(10), 1524. 
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2.1 ABSTRACT 
The Iraqi Marshes in Southern Iraq are considered one of the most important 
wetlands in the world. From 1982 to the present, their area has varied between 10,500 
km² and 20,000 km². The marshes support a variety of plants, such as reeds and papyrus, 
and are home to many species of birds. These marshes are Al-Hammar, Central or Al-
Amarah, and Al-Huwaiza. Freshwater supplies to the marshes come from the Tigris and 
Euphrates rivers in Iraq and from the Karkha River from Iran. For this analysis, we used 
the Land Long-Term Data Record Version 5 (LTDR V5) Normalized Difference 
Vegetation Index (NDVI) from the Advanced Very High-Resolution Radiometer 
(AVHRR)sensor dataset. This dataset was recently released at a 0.05 × 0.05◦ spatial 
resolution and daily temporal resolution to monitor the spatial and temporal variability of 
vegetation along with other hydrological variables such as land surface temperature, 
precipitation, and evapotranspiration. In our analysis, we considered three time periods: 
1982–1992; 1993–2003; and 2004–2017 due to anthropogenic activities and climate 
changes. Furthermore, we examined the relationships between various water cycle 
variables through the investigation of vegetation and water coverage changes, and studied 
the impacts of climate change and anthropogenic activities on the Iraqi Marshes and 
considered additional ground observations along with the satellite datasets. Statistical 
analyses over the last 36 years show a significant deterioration in the vegetation: 68.78%, 
98.73, and 83.71% of the green biomass has declined for Al-Hammar, The Central 
marshes, and Al-Huwaiza, respectively. The AVHRR and Landsat images illustrate a 
decrease in water and vegetation coverage, which in turn has led to an increase in barren 
lands. Unfortunately, statistical analyses show that marshland degradation is mainly 
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induced by human actions. The shrinkage in water supplies taken by Iraq’s local 
neighbors (i.e., Turkey, Syria, and Iran) has had a sharp impact on water levels. The 
annual discharge of the Tigris declined from ~2500–3000 m3/s to ~500 m3/s and the 
annual discharge of the Euphrates River declined from ~1500 m3/s to less than 500 m3/s. 
Keywords: AVHRR; NDVI; Mesopotamia; Land Use/Land Cover; Iraq; 
Environmental changes 
2.2 INTRODUCTION 
The world’s wetlands are recognized as an essential environment for natural 
resources; a vital ecosystem for plant and animal biodiversity; and provide income for 
local economies through fishing, recreation, grazing for cattle, and reed harvesting [1–3]. 
The freshwater portions of the land surface of marshes are inhabited by broad 
areas of aquatic plants. Phragmites Australis is the most dominant community in all 
marshlands [4]. Wetlands have disappeared in many parts of the world due to land-use 
change, human intervention, and climate change [5]. Wetlands are also affected by 
regional and local climate changes caused by changes in hydrology, direct and indirect 
effects of changes in temperatures, as well as land-use change [6]. 
The Mesopotamia marshes in Iraq are considered one of the most important 
wetlands in the world. It is the largest ecosystem of its kind in the Middle East and 
Western Asia as well as home to one of the oldest civilizations in the world [7]. The 
Mesopotamia marshes are locally called “Al-Ahwar”, and are sandwiched between three 
Iraqi provinces: Maysan, Dhiqar, and Al-Basra. They lie in the vast floodplain between 
the Euphrates and the Tigris rivers in the lower part of the Mesopotamian basin. The 
floodplains are an area of flat elevation and have been created through the accumulation 
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of alluvial materials carried by surface water from upstream [8]. During the past few 
decades, the area of marshlands has varied between 10,500 km² and 20,000 km². The 
three marshes are the Al-Hammar marsh, the Central or Al-Amarah marsh, and the Al-
Huwaiza marsh. 
The hydrology of the Mesopotamia marshlands is extremely important to the 
ecology of the entire upper Persian Gulf (https://earthobservatory.nasa.gov/images/1716). 
They acted as a natural wastewater treatment system for the Euphrates and Tigris Rivers, 
filtering out fertilizers before the water drained into the Persian Gulf. The Marshes 
assumed an imperative part in the upkeep of provincial biodiversity in the Middle East, 
essentially on account of their huge size, the extravagance of their aquatic vegetation, and 
their disconnection from similar comparable systems [9,10]. Rapid desiccation of over 
10,000 km² of wetlands and lakes is bound to have significant ramifications on the 
regional micro-climate. As the moderating role of the wetlands is eliminated, 
evapotranspiration and humidity rates will sharply decrease. Rainfall patterns will be 
modified [7]. Temperatures will invariably rise, particularly during the hot and long 
summers. Strong and dry winds reaching temperatures of over 40 ◦C, previously broken 
by the reed beds, will blow unhindered [11]. With salt crusts and dry marshland soils 
exposed, wind-blown dust laced with various impurities will considerably increase, 
affecting thousands of square kilometers well beyond Iraq’s borders [7]. Ecosystem 
degradation at such a grand scale may have serious drawbacks on human health, ranging 
from the effects of water scarcity and pollution to increased exposure to thermal extremes 
and potentially toxic dust storms blowing off saltpans and dried marsh bed. Furthermore, 
the fragile arable lands surrounding the former marshlands are likely to suffer from land 
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degradation and desertification, caused by wind erosion and sand encroachment from the 
dried marsh bed and surrounding deserts. 
The marshlands dried out from anthropogenic activities of river damming 
upstream and politically-driven drying operations in the late 1980s and early 1990s as the 
flow of the Tigris and Euphrates rivers was altered by the construction of dams and 
canals upstream, and this caused an ecological disaster [12]. Degradation is a decline in 
the area of vegetation that turns into barren land. The percentage mentioned in the 
manuscript shows the shrinkage in all three marshes that led to the dramatic increase in 
barren areas. This degradation led to the transformation of the marshes to barren lands. 
The marshes with the most damage were the Al-Hammar and The Central marshes, 
where the percentage of degradation reached 95%; fortunately, about 30% of the Al-
Huwaiza marsh remained intact because the Karkha River from Iran continued to feed the 
northeastern part of this marsh [7]. These massive drainage-alteration operations are 
considered some of the greatest wetland environmental disasters in the world [5,13,14]. 
After the fall of the regime responsible for these drainage alterations in late 2003, 
the marsh dwellers uprooted most of the earthen dams, as well as dikes on the Tigris and 
Euphrates rivers, and water started flowing back towards the marshlands [15]. Within 
three years of normal flows, the Mesopotamian marshes began to be re-established. 
Native species of flora and fauna returned, and the percentage of recovery was between 
50% and 60% as compared to the wetlands before alteration, showing the resilience of 
the marshes [14,16]. 
Over the last decade, various researchers attempted to monitor the marshlands 
using Landsat or Moderate Resolution Imaging Spectroradiometer (MODIS) imagery, but 
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their analyses were confined to shorter periods (as described in the following paragraph) 
than we have undertaken in this study. 
The goal of this work is to examine the relationships between water cycle 
variables and vegetation indices. This examination shows changes that are evidence of 
environmental degradation. This study also aims to delineate the main points of human-
induced land degradation in the study area. The period was divided into three periods: 
pre-diversion, diversion, and post-diversion periods. Previous research on the 
Mesopotamian marshes in environmental studies featured findings such as changes 
detected in the land cover via remote sensing and field observations. The following are 
the most relevant findings for the marshlands in Southern Iraq. Yacoub et al. [17] 
performed systemic geological mapping for the southern part of the Mesopotamia plain. 
They provided detailed descriptions of the geological and geomorphological units present 
in the area. Partow [7] demonstrates the negative effects of dams on the Tigris and the 
Euphrates rivers in Iraq that have caused environmental degradation in the region. 
Richardson et al. [16] studied the effects of massive diversion of water due to drying 
operations that started during the late 1980s and exhibited the effects of uncontrolled 
diversion on water quality, environmental, and soil conditions. The unknown is the fate 
of the many highly threatened species, the quality of water, and food supplies, as well as 
the diversity of communities, including mature habitats, which will be critical to the 
return of many of species. Al-Hilli et al. [18] studied the vegetation conditions of the 
wetland ecosystems in the Mesopotamian plains during 1972–1975 to understand the 
impact of hydrological controls during the 1970s for the rehabilitation of the marshes. 
Shehab et al. [19] detected changes in the marshlands that showed the consequences of 
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the drying operations on the environment via using remote sensing and GIS techniques. 
The drying operations affected the top soil cover and changed it to unfavorable soil for 
growing vegetation. Besides active soil erosion, the chemical and physical properties of 
the soil were also changed. Hamdan et al. [20] carried out comparisons between three 
study areas in the re-flooding area and found changes in hydrology and geochemistry. 
Some plant species of wetlands have not been found in re-flooded wetlands. Saleh [21] 
detected environmental changes in the marshes by using Landsat images detecting land 
cover changes. Saleh [21] used Landsat images to detect land surface changes in marsh 
areas. Al-Handal and Hu [5] showed changes in the vegetation and water coverage in the 
Iraqi marshes using remote sensing techniques. They found that the vegetation coverage 
and water bodies in Al-Hammar and The Central marshes have extremely declined more 
than the Al-Huwiaza marsh. 
However, the above studies are either much shorter in duration or at smaller 
spatial scales or extent. In this research, we detected changes in the Mesopotamian 
marshlands over almost four decades. Due to the marshlands having been subjected to 
many drastic conditions over a long time period (i.e., 36 years), we examined the 
connections between different water cycle variables through the examination of 
vegetation and water coverage changes, and focused on the effects of climate change and 
human actions on the Iraqi marshes and considered additional ground observations 
alongside the satellite datasets. The statistical analyses between Normalized Difference 
Vegetation Index (NDVI) and meteorological data are important to demonstrate the 
sensitivity of NDVI. We analyzed Advanced Very High-Resolution Radiometer 
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(AVHRR)/ NDVI and climatological data to assess the fluctuation and trends in 
vegetation and water bodies. 
2.3 DATASETS AND METHODS 
2.3.1. STUDY AREA 
The Mesopotamian marshes are located in Southern Iraq between 46.4–48.00◦E 
longitude and 30.5–32.2◦N latitude. The marshlands are comprised of shallow freshwater 
lakes, some of which are permanent lakes, while others are seasonal. According to field 
stations at Al-Basra, Al-Nasiriyah, and Al-Amarah, and the analyses of Global Land Data 
Assimilation System (GLDAS) data, the average annual precipitation and the average 
annual air temperature were <25 mm/year and 26.5 ◦C, respectively. Thus, the study 
location is located in an arid region as determined by the annual rainfall and mean annual 
temperature [22,23]. 
The Mesopotamian marshes consist of three main areas (Table 2.1 and Figure 
2.1). Each marsh has different sources of water and is different in size. The Al-Hammar 
marsh has an area approximately 120 km in length and 25 km in width. The area of The 
Central marsh is about 3000 km² that lies between the Al-Hammar and Al-Huwaiza 
marshes. The Al-Huwaiza marsh is 80 km from north to south, and is located along the 
boundary with Iran, and is 30 km from east to west [7,24]. 
2.3.1.1 Al-HAMMAR MARSH 
The Al-Hammar marsh is situated south of the Euphrates River. It expands from 
Al-Nasiriyah in the west to the suburbs of Al-Basra in the east and is located on Shatt Al-
Arab—a river formed via the confluence of the Tigris and Euphrates rivers in Southeast 
Iraq that flows into the Persian Gulf. The Euphrates River is the primary source of water 
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for the Al-Hammar marsh. The approximate area of the Al-Hammar marsh is 3000 km², 
but it increases to ~4000 km² during seasonal floods. The Al-Hammar marsh has 
permanent lakes that are considered as some of the largest lakes in the southern part of 
the Euphrates River region [7]. 
2.3.1.2 THE CENTRAL MARSHES 
The Central marshes lie between the Euphrates and the Tigris rivers. They are 
called “Central” because they are the center of the marshlands. It is bordered to the west 
by the Tigris River, and to the south by Euphrates River [7]. A group of the Tigris 
River’s distributaries feeds The Central marshes, along with some channels from the 
Euphrates River. The Central marshes occupy an area of approximately 3000 km² that 
can expand up to ~4000 km² during periods of floods. 
2.3.1.3 Al-HUWAIZA MARSH 
These marshes are located between the towns of Al-Amarah in the north and Al-
Basra in the south. The Al-Huwaiza marsh expands into Iran, where it connects with the 
Al-Azim marsh. These marshes are fed by two of the Tigris River’s tributaries: The Al-
Mushrah and the Al-Kahla canals both from the west and the Karkha River from the east. 
The approximate area of these marshes is ~2750 km², but it grows to 3250 km² during 
floods periods. The northern part of this marsh has large permanent lakes with an average 
depth of around six meters [11]. 
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2.3.2 SATELLITE AND MODEL DATASETS 
2.3.2.1 AVHRR LTDR V5 DAILY NDVI PRODUCT 
Satellite remote sensing data have been utilized to measure the qualitative and 
quantitative terrestrial land-cover changes [25]. Through the last two decades, remotely 
sensed data have been developed to assess the change detection on a global scale [26,27] 
for monitoring and carrying out an inventory of wetlands in developing countries that 
have insufficient field observations [28]. Additionally, the use of remote sensing data is 
inexpensive and less time-consuming. The Advanced Very High-Resolution Radiometer 
(AVHRR) is onboard the National Oceanic and Atmospheric Administration (NOAA) 
polar-orbiting environmental satellites, which are used to calculate the Normalized 
Difference Vegetation Index (NDVI)—a product derived from the AVHRR sensor. There 
are two spectral channels on the NOAA AVHRR sensor that are used to calculate the 
daily NDVI value. The NDVI is the ratio of the difference between the near-infrared 
band (NIR) and the red band (RED) divided by the sum of the NIR and RED bands 
[29,30]: 
NDVI =
NIR − RED
NIR + RED 
Equation 2.1: Calculating NDVI 
The last version (V5) products were made available (http://ltdr.nascom.nasa.gov) 
on 15 August 2017. The daily NDVI estimates are derived using daily surface reflectance 
data from the AVHRR instruments on NOAA 7, 9, 11, 14, 16, 18, and 19. The LTDR 
dataset was generated by GAC archive images from the NOAA AVHRR series sensors 
[31]. The GAC time-series images were reprocessed by using the preprocessing 
improvements that were identified in the PAL-II project [32]. The 6S radiative transfer 
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model was applied to atmospherically correct the top of atmosphere AVHRR data to 
determine surface reflectance values for bands 1 and 2 including Rayleigh scattering, 
ozone absorption, water vapor, and aerosol corrections [33]. A reanalysis dataset with a 
0.05◦ × 0.05◦ resolution from the NOAA Center for Environmental Prediction (NCEP) 
was applied to water vapor corrections [31,34]. Aerosol climatology from internal NOAA 
was applied to correction for aerosol scattering [31,34]. One line element was used for 
the geometric correction of the LTDR product [31,34]. Compared with previous versions 
of the LTDR dataset, V4 and V5 have improved the geolocation accuracy and are 
computed as the average of the available good data value observations in each grid cell 
(https://ltdr.nascom.nasa.gov). Previous versions of the LTDR NDVI products have been 
used to map burned areas [35,36] and assess droughts [37]. The AVHRR sensor provides 
the most extended global time series of satellite Earth observations. It is considered as an 
attractive source to study the differences in land surface properties because it has a low 
data volume spanning more than 30 years [38]. 
Using Terra MODIS NDVI as a reference, Guo et al. [31] found that the LTDR 
NDVI dataset was well-suited for long-term vegetation studies of the Chines areas. To 
this end, we aggregated the original LTDR NDVI time-series (5-km pixel size, daily, the 
period January 1982–December 2017) to get the time-series of monthly and annual mean 
values as 12-month averages for inter-annual NDVI trend analysis. In this work, NDVI 
monthly data at 5 km, spatial resolution was utilized from already processed daily NDVI 
composites using the maximum value of that compositing procedure to minimize effects 
of cloud contamination, varying solar zenith angles, and surface topography [39]. The 
NDVI ranges between −1 to 1, where negative values represent clouds, snow, water, and 
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other non-vegetated surfaces, and positive values represent vegetated surfaces [34,39]. 
For this study, we subset the study area from the global dataset for 1982–2017. We 
extracted the NDVI values between (0–1) that indicate vegetation surface and neglected 
the values that were <0. The NDVI is strongly related to the photosynthetic capacity of 
plants [40]. 
To obtain the time-series of annual mean values, annual NDVI values were 
computed as 12-month averages. Average NDVI values for the whole period (1982–
2017) of each month were also calculated. These two sets of data were then subjected to 
statistical analyses to assess the volatility and trends in vegetation index. In this paper, we 
focus our analysis on NDVI patterns during the summer months, because the Phragmites 
australis community, the dominant vegetation type, is at a maximum in the summer 
months [18] (Table 2.2). 
2.3.2.2 GLDAS 
Other datasets used in this research were obtained from GLDAS, which are 
available from NASA Goddard Earth Sciences Data and Information Services Center 
(GESDISC). GLDAS incorporate satellite and ground-based observational data products, 
using advanced land surface modeling and data assimilation techniques, in order to 
generate optimal fields of land surface states and fluxes [41]. The GLDAS/NOAH10 
Land Surface Model L4 runs global coverage at a spatial resolution of 1◦ × 1◦ on a 
monthly step. The model provides data from January 1979 to the present period (Table 
2.2). 
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2.3.3 LANDSAT IMAGES AND COVER CLASSIFICATION 
As the spatial resolution of NDVI/AVHRR is 5 km, we also used Landsat 30 m 
thematic mapper multi-spectral data to delineate changes in the Mesopotamian 
marshlands at this spatial resolution. The results of our analyses are described in Section 
3.1. 
The results of our analyses are described in Section 3.1. Remote sensing has 
increasingly been used as a source data in Geographic Information System (GIS) at local, 
regional, and global scales [42,43]. In particular, satellite data has been used for 
prediction in un-gauged basins [44], soil moisture in catchments [45], and groundwater 
[46]. We used ArcMap GIS to analyze the remotely sensed data by using analytical 
procedures including data acquisition, data processing, data analysis, data conversion, 
error assessment, and the final product presentation [42].  
The most important method that was used in ArcMap GIS software was the 
supervised classification method. The classification of land use/land cover is based on 
statistical pattern recognition techniques applied to multispectral remote sensor data—
one of the most often used methods of information extraction [47]. The land cover 
classification indicates the main features present on the landscape such as water bodies, 
crops, wetland, forest, and other features that are man-made, and land-use classification 
indicates the human use of the land surface [48]. The study area images were classified 
into three classes (i.e., water, vegetation, and barren). The Landsat images showed 
vegetation during June within the three main periods (pre-diversion, diversion period and 
post-diversion) to illustrate the changes in the marshlands (Figure 2.2). The purpose of 
the supervision was to select sample pixels in the image that were representative of 
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specific classes and forming the direct image with training sites as a reference for the 
classification for all pixels in the image. 
Classification accuracy assessment was used to measure the agreement between 
an accuracy standard and classified Landsat images of unknown quality and to accurately 
determine the level of detail found within the classification [48,49]. This method made it 
possible to increase the accuracy of classification by minimizing the amount of detail by 
generalizing to broad classes rather than focusing on particular ones. Table 2.3 illustrates 
both omission and commission errors for the classification map of the Al-Hammar marsh 
derived from Landsat Multispectral Scanner images for 1985. The omission errors for 
water, vegetation, and barren were 2%, 2%, and 0%, respectively. The commission errors 
are 2%, 0, and 2% for water, vegetation, and barren, respectively. 
2.3.4 In Situ DATA 
Meteorological data were used to determine the relationship between NDVI and 
rainfall, temperature, and evapotranspiration (ET). There are three stations in the study 
area: Al-Basra, Al-Nasiriyah, and Al-Amarah (Figure 2.2). In this research, the field 
observations that were used included monthly ET for the period 1982–2015 and monthly 
precipitation for the period 1982–2017. The field observations were collected from the 
three main weather stations, located in the study area or nearby. We calculated the 
average of the variables using the observations from the three stations mentioned above. 
2.3.5 LONG-TERM TREND IN BIOMASS DYNAMICS 
The NDVI time-series was then statistically analyzed based on linear regression 
to identify those areas that showed a significant decline or increase in NDVI over time. 
The simple linear relationship: 
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VI = A x t + B 
Equation 2.2: Linear relationship to calculate the trend of NDVI 
where VI = annual mean NDVI, A = long-term trend of NDVI, t = year (elapsing 
from 1982 to 2017), and B = intercept (an indicator for a possible delay in the onset of 
degradation). The computed slope coefficient A for each pixel was tested for statistical 
significance [50,51]. For every pixel, the slope A was computed and tested for statistical 
significance at different confidence levels: 95% (p < 0.05) and 90% (p < 0.1). This 
exercise yields the area where, at least from a birds-eye view, a significant and worrying 
loss of vegetation cover was taking place (in brown) and those where NDVI is increasing 
(in green). The range in the rate of decline or improvement is similar (the slope A ranges 
from (−0.005 to 0.003). 
2.3.6 STANDARDIZED NDVI ANOMALY (SNA)  
The standardized NDVI (NDVI) is calculated using the following equation as: 
NDVI = 
   
 
 
Equation 2.3: Calculating the standardized NDVI 
where X is the NDVI value, µ is the average NDVI of the long term, and σ = 
standard deviation.  
The results of the standardized NDVI (NDVI) analyses are described in Section 
2.4.3. 
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2.4 RESULTS 
2.4.1 MONTHLY TIME-SERIES PATTERNS IN THE TIME PERIOD FROM 1982 TO 
2017 
The change in land use is one of the primary features dealt with in this study. 
Using Landsat data we display the changes in land use over time. Figure 2.3 shows the 
output mosaic image for the study area during different years, including 1985, 1989, 
1994, 1998, 2004, and 2009. Vegetation is represented in red, black and blue-turquoise 
colors represent water bodies, and the barren areas are represented by gray and yellowish-
gray color. These Landsat images document at a 30 m scale the degradation of the 
marshes through 36 years. 
The Euphrates River is the primary water source that feeds the Al-Hammar 
marsh, and it has a discharge less than that of the Tigris River which feeds The Central 
and Al-Huwaiza marshes (Figure 2.4). Figure 2.4 shows the variations in the annual 
discharges of the Tigris and Euphrates rivers at Al-Kut and Al-Nasiriyah cities, 
respectively. The high discharge rates of the Tigris River are the result of a large number 
of tributaries that supply it from the north to the confluence with the Euphrates River in 
Southern Iraq [52–54]. Figure 2.4 shows a statistically significant negative trend for the 
period of record (1982–2017) on the Tigris and Euphrates rivers indicating a decrease in 
mean annual discharge. This significant decrease is due to the construction of large dams 
in Turkey as part of the Southeastern Anatolia Project and the construction of a series of 
dams in Syria and downstream Iraq (Figure 2.4 and Figure 2.5) [55,56]. Although there 
was a good amount of flow of the rivers during (1990–2003), the marshlands did not 
benefit. The supporting rivers’ (the Tigris and Euphrates rivers) water was diverted away 
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from the marshes due to drying operations [12,14,57]. According to the Iraqi Ministry of 
Water Resources, the inflow of water at the Iraqi-Syrian and Turkey border was 
constantly decreasing. In 2009, Iraq registered a record low discharge on the Tigris and 
the Euphrates [55,56]. 
The first period for all marshes displayed high NDVI values, except for 1988 and 
1989 due to the drying operations that started in the late 1980s during the Saddam regime 
[7,14,18,57]. The 1993–2003 period shows the lowest values of NDVI during the 1982–
2017 study due to upstream dams and drying operation downstream through the 
marshlands [5,7,58,59]. The NDVI value for the Mesopotamian marshlands in 1994 
represented the lowest NDVI value over the entire period of 36 years. The Mesopotamian 
marshlands had massive drainage works that were completed in the middle of 1993, 
creating a river called “Outflow Drain” that ran between the Tigris and Euphrates to the 
Persian Gulf [12,52]. The Euphrates River water was diverted into the “Outflow Drain” 
water away from the marshes (Al-Hammar and part of The Central marshes) [12]. In 
addition, other dams and channels were built on the Tigris River that feeds Al-Huwaiza 
and part of The Central marshes [12,14,57]. By 1994, the vegetation in the marshlands 
had declined significantly [57], and we saw the lowest value of NDVI during 1994. 
Despite the construction of dams and canals on the Tigris and Euphrates rivers, 
there were some small canals from the Tigris and Euphrates rivers feeding the marshes 
during the diversion period [12]. The NDVI behavior slightly increased during 1996–
1999 due to the increase of precipitation in upstream countries and the increase in the 
water feeding the marshes through these small canals [5,12]. The precipitation did not 
affect the growth of the vegetation in the marshes due to lack of rain in Southern Iraq, 
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where the annual average was <25 mm/year. The rainfall in arid areas is scarce, and its 
effectiveness is minimal due to the high rate of evaporation that leads to the loss of 
approximately 70–80% of the average rainfall [54]. In the 2004–2017 period, NDVI 
increased as a result of human activities (e.g., water supply diversions and construction of 
dams, in addition to local and regional precipitation) [5]. An increase in rainfall in the 
upstream leads to an increase in the rates of discharge, and a decrease leads to a drought 
disaster [14,59]. The years following the fall of the Saddam regime witnessed heavy 
precipitation and high snow in the Anatolian and the Zagros highlands and Iran. The 
snowmelt led to rising water levels in the Tigris and the Euphrates, the major source of 
water for the marshlands for the years 2004–2008 [5,14,59]. About 90% of the Tigris 
River and 80% of the Euphrates River flow into the marshes before reaching Shatt Al-
Arab [60]. However, the low NDVI values from 2009 to 2017 show that most of the 
marshland areas received little water due to intense drought and limited water flows from 
upstream countries [5,14]. 
Long-term AVHRR/NDVI was used to detect the changes in vegetation from 
1982 to 2017 in each marsh. Our study was divided into three periods: 1982–1992; 1993–
2003; and 2004–2017. This division is the result of different conditions faced by the 
marshes. The first period was the “pre-diversion”, the second period was called 
“diversion”, and the last period was called “post-diversion”. 
The monthly time series of NDVI from 1982 to 2017 in Mesopotamia, Iraq is 
shown in Figure 2.6. On average, NDVI increased between May to August, reaching 
maximum in June, representing the growing season for the region (Figure 2.7). Figure 2.6 
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shows the NDVI values of the Al-Hammar marsh are usually lower than the NDVI values 
of The Central and Al-Huwaiza marshes. 
2.4.2 VALIDATION OF AREA OF VEGETATION PRODUCTIVITY FOR EACH 
MARSH 
The statistical test results (Figure 2.8) show that the geographic extent of 
significant degradation in vegetation cover is sensitive to a shift in confidence level. Due 
to the highly dynamic nature of human-induced degradation such as dam construction on 
the main rivers that are feeding the marshlands, the green biomass (NDVI) has 
dramatically decreased. The green biomass of Al-Hammar marsh over 36 years (1982–
2017) increased 13.22% and declined 86.78%. The Central marshes showed a 1.27% 
increase in vegetation cover but exhibited a significant 98.73% deterioration in the 
vegetation. The increase and decline in vegetation cover for the Al-Huwaiza marsh were 
16.29% and 83.71%, respectively. The increase in green biomass in the Al-Huwaiza 
marsh was more than the other two marshlands (i.e., Al-Hammar and The Central 
marshes); fortunately, the middle part of this marsh remained intact. The Iranian river 
(Karkha River) continued feeding Al-Huwaiza marsh during the drying operations [7,14]. 
2.4.3 STANDARDIZED NDVI ANOMALY (SNA) ANALYSES 
The spatial NDVI patterns in all three marshes are shown in (Figure 2.9). The 
standardization is used to transform the monthly NDVI to have zero mean and unit 
variance. The negative values indicate low NDVI values below normal vegetation 
conditions and positive values refer to NDVI values above normal vegetation conditions 
during the 1982–2017 period. The SNA is useful to select the highest and lowest NDVI 
values for each period. 
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In the 1982–1993 period of Figure 2.9a for the Al-Hammar marsh, 18.2% of the 
years had below-normal NDVI conditions, the largest departure in NDVI occurred in 
1989, 82.8% of the marsh showed above-normal NDVI conditions, and the highest NDVI 
was in 1985. In the second 1993–2004 period, we observed 36.4% of the years had 
below-normal NDVI values, the lowest value was observed in 1994, 63.6% above-normal 
yearly NDVI values occurred, and the highest value occurred in 1998. In the 2004–2017 
period in Figure 2.9a, 78.5% of the years had below-normal vegetation conditions, the 
lowest value was in 2009, only 21.5% of the years had above-normal vegetation 
conditions, and the highest value was in 2004. 
In Figure 2.9b for The Central marshes, the 1982–1993 period shows 18.2% of 
the years had negative values or below-normal NDVI conditions, 1989 showed the lowest 
NDVI, 82.8% of the years had above-normal NDVI conditions, and the highest value was 
in 1985. The 1993–2003 period had 63.7% of the years with below-normal NDVI 
conditions, the lowest value was in 1994, 36.3% of the years had above normal 
vegetation, and the highest value was shown in 1998. In the third period, 57.1% of the 
time had negative values, which were below normal vegetation conditions, and the lowest 
value was in 2009, and 42.9% of the years had above-normal NDVI conditions, and the 
highest value was in 2004 and 2006. Figure 2.9c for the Al-Huwaiza marsh showed for 
the 1982–1992 period only 27.2% of the years had below-normal NDVI conditions, the 
lowest value was in 1989, 72.8% of the years had high NDVI conditions, and the highest 
value was in 1985. The 1993–2003 period showed NDVI negative departures 36.4% of 
the time, the lowest value was in 1994. 63.6% had high conditions, and the highest value 
was in 1985. In the third period (2004–2017), 64.3% of the years had negative 
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standardized NDVI, the lowest value was in 2009 and 2017, 35.7% of the years had 
above-normal NDVI conditions, and the highest value was in 2004. 
2.4.4 SPATIAL PATTERNS 
The SNA in Mesopotamian marshlands was used to select the positive and 
negative years of AVHRR/ NDVI anomaly patterns. As we pointed out previously, the 
highest biomass was observed during the month of June in 1982–1992, 1993–2003, and 
2004–2017 periods. For each period in the three marshes, we displayed two maps that 
represent the highest and lowest NDVI (Figure 2.10). The spatial resolution of the 5 km 
AVHRR imagery was spatially-improved using Landsat 30 m data, combining time-
series data information with more detailed Landsat spatial resolutions at specific times. 
These series of AVHRR/ NDVI and classified maps show the quantified annual changes 
through the time-series in both vegetation and water in each marsh. 
Before 1985, the Mesopotamian marshes were characterized by good 
environmental conditions and were in a natural state without human intervention. We can 
see the proper correspondence between the classified vegetation in the Landsat images 
and the high NDVI (higher than 0.18) for the central part of all the three marshes for June 
1985. During the ordinarily high biomass season in 1989, the imagery shows low NDVI 
values and decreased expansion of water in all marshes, due to the beginning of the 
drying operation on the downstream of the Tigris and Euphrates rivers from the late 
1980s until 2003 [7,14,18,57]. 
Comparing the Landsat and AVHRR maps, we observed the vegetation classified 
areas of Landsat decreased by 50% and a corresponding NDVI decreased from ~0.3 in 
June 1985 to 0.16 and lower in June 1989. In 1994, the monthly average AVHRR/NDVI 
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had the lowest value through 1982–2017 study period and classified maps of the Al-
Hammar and The Central marshes exhibited significant deterioration in the vegetation 
and water bodies that underwent a massive water diversion [12,14,57], as a result of the 
completion of water control projects of dams and water canals that diverted water from 
the Tigris and Euphrates rivers away from the marshes. The areas classified as vegetation 
decreased significantly in both the Al-Hammar and The Central marshes, and the 
corresponding values of NDVI for these areas was less than 0.15. The proportion of the 
deterioration in the vegetation and the expansion of water of the Al-Huwaiza marsh was 
less than other marshes due to the continued feeding of the Karkha River that flows from 
Iran into the Al-Hammar marsh [11,57,61]. The vegetation-classified areas had an NDVI 
of 0.18 in the AVHRR maps. The classified and AVHRR/NDVI maps of 1998 showed 
few increases in NDVI and water body expansion because some small canals from the 
Tigris and Euphrates rivers were built [12], and there was an increase in precipitation. 
The classified and AVHRR/ NDVI maps of 2004 and 2009 represented the 
highest and lowest of NDVI through the 2004–2017 period of post-diversion. It is worth 
mentioning that the Mesopotamian marshlands experienced re-flooding in mid-2003 after 
the fall of Saddam’s regime, due to the return of marsh dwellers, who destroyed many of 
the canals and dams that had been built [12,15]. The year of 2004 showed an increase in 
both the vegetation and water areas in Al-Hammar and Al-Huwaiza marshes. The Central 
marshes also showed an increase in vegetation and water areas that began in 2004 during 
the 2004–2017 post-diversion period. In 2009, however, the NDVI shows below-normal 
NDVI conditions, and the classified maps showed a reduction in the spatial expansion of 
water and an increase in barren areas. The drought in 2008–2009 in the upstream 
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countries of Turkey and Syria coupled with reduced runoff from Iran, led to shrinkage in 
the Mesopotamian marshlands almost back to the levels of the diversion period [14,62]. 
By the late spring of 2009, unmistakably a considerable lot of the territories that were re-
overflowed have received little water because of an extreme dry spell, confinements of 
water spill out of neighboring nations, and the maintenance of streams in the north by the 
Ministry of Water Resources in Iraq. This shows that the eventual fate of the marshlands 
is stuck in an unfortunate situation because of an absence of water, particularly in dry 
season years [14,55,63]. 
Table 2.4 shows the percentage area of each class in each marsh, as compared to 
the total area over the time-series. The changes in the coverage areas were distinguished 
from 1985 to 2009. It is obvious that there were decreases in the area of water during 
1985–2009 of about −6%, −1%, and −9% for Al-Hammar, The Central marshes, and Al-
Huwaiza, respectively. The NDVI also decreased during 1985–2009 and was around 
−30%, −48%, and −16% for Al-Hammar, The Central marshes, and Al-Huwaiza, 
respectively. The percentage growth of the vegetation area from AVHRR/NDVI was 
−21.5%, −48%, and −16% for the Al-Hammar, the Central, and Al-Huwaiza marshes, 
respectively. We observed that the percent of vegetated areas also decreased. 
The AVHRR and thematic mapper instruments data have considerable differences 
in spatial resolution and temporal resolution. However, as a result of the decrease in both 
water extent and vegetation, this has led to a drastic increase in the barren areas during 
1985–2017. The barren area has increased by 36%, 49%, and 25% for Al-Hammar, The 
Central marshes, and Al-Huwaiza, respectively. It is worth mentioning that the 
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Mesopotamian marshlands saw increases in the water and vegetation areas in 2004 with a 
decrease in the barren area as a result of flooding that year. 
2.4.5 ANCILLARY DATA ANALYSIS 
Precipitation in the Mesopotamian marshland region is insufficient to support 
marsh vegetation [54]. Based on field observations from 1982–2017, the total annual 
regional precipitation did not exceed 200 mm (Figure 2.11). Furthermore, most of the 
precipitation in the marsh region is during November, December, January, and February, 
and is reduced to a significant degree during April, and is non-existent during the summer 
season [64]. There is no apparent relationship between precipitation and NDVI (Figure 
2.12). According to GLDAS data for 1982–2017, the lowest temperatures are during the 
winter season and the highest temperatures are during the summer season; thus, monthly 
ET has the highest values during summer and the lowest in winter (Figure 2.12). The 
high monthly average ET during summer is due to the abundance of water in the Tigris 
and Euphrates rivers, the high temperature, and high wind speed that keeps the air 
unsaturated [65,66]. The monthly average mean temperature and wind speed during 
summer are ~40 ◦C and 4.5 to 5 m/s, respectively. 
Figure 2.13 2.3 illustrates the correlation for each marsh between monthly ET and 
monthly mean NDVI. There is a moderate negative correlation between precipitation and 
NDVI. The primary water resource for the growth of the marshes’ vegetation is the 
Tigris, Euphrates, Karkha, and Karoon rivers, and 90% of the Tigris and Euphrates rivers 
flow into the Mesopotamian marshlands [60]. The NDVI behavior and other variables in 
all marshlands showed clear seasonality during the time-series; the peak NDVI and 
vegetation growth coincided with peak ET and highest air temperature during June, July, 
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and August; and the ET and lowest air temperature occurred in January and December. 
2.5 DISCUSSION AND CONCLUSIONS 
The AVHRR/NDVI observations provided a time-series from 1982 to 2017 for 
the three marshes and quantified environmental changes that determined vegetation and 
hydrology. Three-time periods were observed for 1982–1992, 1993–2003, and 2004–
2017 which were distinct and characterized the environmental and anthropogenic 
conditions that affected the marshes. The values of the standardized NDVI anomalies 
were used to quantify photosynthetic capacity in the marshlands. The classification of 
land cover using Landsat images quantified the spatial and temporal changes in vegetated 
areas, water extent, and barren areas for each marsh. The classified maps of Al-Hammar, 
The Central, and Al-Huwaiza marshes showed that the Mesopotamian marshlands 
suffered profound anthropogenic changes starting in the late 1980s and continued into the 
early 2000s. Rehabilitation of the marshes began in 2004 when the marshes saw an 
increase in water and vegetation and a decrease in barren areas. However, this increase 
did not continue through 2004–2017. In 2009, the marshes suffered significant negative 
changes, approximately back to 1994 conditions, due to the drought in 2009 in the 
upstream countries of Turkey and Syria, coupled with reduced runoff from Iran that led 
to shrinkage in all three marshes [14,62,63]. The area of barren land has continuously and 
dramatically increased, and we note the very significant deterioration suffered by these 
unusual and unique marshes over the 36 years analyzed in this paper. The statistical 
analyses showed the percentage of increases and decreases in NDVI for the three 
marshlands. The percentages of increases in NDVI were 13.22%, 1.27%, and 16.29% for 
Al-Hammar, The Central, and Al-Huwaiza marshes, respectively; while the decreases in 
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NDVI were 86.78%, 98.73%, and 83.71% for Al-Hammar, The Central, and Al-Huwaiza 
marshes, respectively. These percentages illustrate the intensity of the decline in the 
vegetation coverage area over 36 years (1982–2017). The degradation of vegetation was 
due to the statistically significant negative trend in the mean annual discharge of the 
Tigris and Euphrates rivers. The annual discharge of the Tigris declined from ~2500–
3000 m3/s to ~500 m3/s. The annual discharge of the Euphrates River declined from 
~1500 m3/s to less than 500 m3/s. Unfortunately, the dominant reason for the 
Mesopotamian marshes’ worsening environmental conditions were destructive human 
activities. The shrinking water supplies taken by Iraq’s regional neighbors (i.e., Turkey, 
Syria, and Iran) have had the greatest impact on water levels. Iraq’s water system is 
facing difficult challenges, raising concerns that the Mesopotamian marshlands which 
have sustained the region for more than 5000 thousand years may soon disappear. 
  
38 
 
2.6 TABLES AND FIGURES 
Table 2. 1. The main marshes in the southern part of Iraq with their area and water 
supply. 
Marsh The area in (km²) Water Supply 
The Al-Hammar 3000-4000 The Euphrates River 
The Central marshes 3000-4000 The Tigris and Euphrates Rivers 
The Al-Huwaiza 3000-3500 The Tigris and Karkheh Rivers 
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Table 2. 2. Data used in this present study. 
Sensor/Model Variable Spatial 
resolution 
Temporal 
resolution 
Coverage 
AVHRR NDVI 0.05° Monthly 1981-present 
GLDAS Surface 
Temperature 
1.0° Monthly 1979-present 
Field Data 
www.meteoseis
m.gov.iq 
Evapotranspiration 
and Precipitation 
3 sites Monthly 1982-2015 
and 1982-
2017 
Field 
Observations 
The Ministry of 
Water 
Resources, Iraq. 
www.mowr.gov.
iq 
Annual Discharge 
of the Tigris and 
Euphrates Rivers 
 Yearly 1982-2017 
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Table 2. 3. Error matrix of the classification map of Al-Hammar marsh extrapolated from 
Landsat Multispectral Scanner data 1985. 
 Reference points 
 Class Water   Vegetation Barren Row total 
 Water 39  0 0 39 
C
la
ss
ifi
ed
   
   
   
 
D
at
a 
Vegetation 1  39 0 40 
 Barren 0  1 40 41 
 Column total 40 40 40 120 
 
Overall Accuracy = 118/120= 98% 
Producer’s Accuracy (omission error) 
Water = 39/40= 98%    2% omission error 
Vegetation = 39/40= 98%    2% omission error 
Barren = 40/40= 100%    0% omission error 
User’s Accuracy (commission error) 
Water = 39/40= 98%    2% commission error 
Vegetation = 40/40= 100%    0% commission error 
Barren = 40/41= 98%    2% commission error 
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Table 2. 4. Summary statistics of the supervised classification for classes in each marsh 
and vegetation areas from AVHRR/ NDVI maps of Mesopotamian marshlands.  
Percentage of water area 
Time Al-Hammar The Central Marshes Al-Huwaiza 
1985 13 3 13 
1989 17 4 11 
1994 5 2 10 
1998 8 3 8 
2004 10 5 15 
2009 7 2 4 
Percentage change % -6 -1 -9 
Percentage of vegetation area from classified Landsat images 
Time Al-Hammar The Central Marshes Al-Huwaiza 
1985 46 58 39 
1989 18 30 32 
1994 6 11 21 
1998 22 22 38 
2004 40 25 30 
2009 16 10 23 
Percentage change % -30 -48 -16 
Percentage of vegetation area from AVHRR/ NDVI 
Time Al-Hammar The Central Marshes Al-Huwaiza 
1985 33.3 51 50 
1989 20.2 33 34 
1994 2 2 18 
1998 7 9.8 35 
2004 20 28.5 41 
2009 11.8 9 29 
Percentage change % -21.5 -48 -16 
Percentage of the barren area 
Time Al-Hammar The Central Marshes Al-Huwaiza 
1985 41 39 48 
1989 65 66 68 
1994 89 87 57 
1998 70 76 55 
2004 51 73 55 
2009 77 88 73 
Percentage change % 36 49 25 
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Figure 2. 1. The Mesopotamia Marshes in the Southern part of Iraq, the Tigris and 
Euphrates rivers, and Iraq/Iran boundary. 
 
 
 
43 
 
 
Figure 2. 2. The location of weather stations in the study area. 
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Figure 2. 3.  Mosaicked Landsat images of the study areas during June of 1985, 1989, 
1994, 1998, 2004, and 2009. Landsat MSS, TM, and ETM+ (Path 166 and Rows 38 and 
39) were used. Path and Row represent the coordinates of scenes. The Landsat path 166 
and row 38 are located at center latitude 31◦44017.5200N and center longitude 
47◦44049.2700E. Path 166 and row 39 are located at center latitude 30◦18007.1600N and 
center longitude 47◦21057.1700E. 
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Figure 2. 4 Shows the annual discharge (m³/s) of The Tigris and Euphrates Rivers (The 
Ministry of Water Resources, Iraq). 
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Figure 2. 5. Illustrates the dams in the Tigris Euphrates River Basin [55,56].  
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Figure 2. 6. Monthly average of daily AVHRR/ NDVI data for three marshes. 
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Figure 2.7a. Shows the green biomass NDVI in monthly average through 36 years 
(1982-2017) for Al-Hammar 
 
Figure 2.7 b. Shows the green biomass NDVI in monthly average through 36 years 
(1982-2017) for The Central marshes. 
a 
b 
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Figure 2.7 c. Shows the green biomass NDVI in monthly average through 36 years 
(1982-2017) for Al-Huwaiza.  
c 
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Figure 2.8. A. Linear slope of annual NDVI for the period of 1982–2017 showing long-
term trends of green biomass change in (a) Al-Hammar, (b) The Central and (c) Al-
Huwaiza marshes. 
 
 
 
 
 
 
 
(A) 
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Figure 2.8. B. Pixel-based significance of linear slope over the period 1982–2017 for (a) 
Al-Hammar, (b) The Central and (c) Al-Huwaiza marshes. 
 
 
 
 
 
 
 
(B) 
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Figure 2.9 a Standardized NDVI Anomaly (SNA) in Mesopotamian marshlands. Iraq 
(1982–2017). Green color shows the years with the highest positive value during the 
specific period and red denotes the lowest value. 
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Figure 2.10 a. Al-Hammar marsh showing the comparison between the classified maps 
of Landsat images (in the upper row) and maps of AVHRR/NDVI. 
 
Figure 2.10 b. The Central marshes showing the comparison between the classified maps 
of Landsat images (in the upper row) and maps of AVHRR/NDVI. 
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Figure 2.10c. Al-Huwaiza marsh showing the comparison between the classified maps of 
Landsat images (in the upper row) and maps of AVHRR/NDVI. 
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Figure 2.11. aThe total Annual Rainfall and the average annual rainfall from field 
observations (mm/year) (1982-2017). 
 
 
 
 
 
 
 
 
 
 
56 
 
 
Figure 2.12.aThe monthly average rainfall from field observations during (1982-2017), 
GLDAS/ monthly mean temperature ºC during (1982-2017), and monthly ET mm/ month 
of field observations during (1982-2015) of Al-Hammar, The Central and Al-Huwaiza 
marsh. 
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Figure 2.13.aScatter plots of ET versus NDVI for each marsh, (a) Al-Hammar, (b) The 
Central marshes and (c) Al-Huwaiza.  
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CHAPTER III COMPARISON OF NORMALIZED DIFFERENCE VEGETATION 
INDEX DERIVED FROM LANDSAT, MODIS, AND AVHRR FOR THE 
MESOPOTAMIAN MARSHES BETWEEN 2002 AND 2018 2 
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3.1 ABSTRACT 
The Mesopotamian marshes are a group of water bodies located in southern Iraq, 
in the shape of a triangle, with the cities Amarah, Nasiriyah, and Basra located at its 
corners. The marshes are appropriate habitats for a variety of birds and most of the 
commercial fisheries in the region. The normalized difference vegetation index (NDVI) 
has been derived using observations from various satellite sensors, such as the Moderate 
Resolution Imaging Spectroradiometer (MODIS), Advanced Very-High-Resolution 
Radiometer (AVHRR), and Landsat over the Mesopotamian marshlands for the 17-year 
period between 2002 and 2018. We have chosen this time series (2002–2018) to monitor 
the change in vegetation of the study area since it is considered as a period of 
rehabilitation for the marshes (following a period when there was little to no water 
flowing into the marshes). Statistical analyses were performed to monitor the variability 
of the maximum biomass time (month of June). The results illustrated a strong positive 
correlation between the NDVI derived from Landsat, MODIS, and AVHRR. The 
statistical correlations were 0.79, 0.77, and 0.96 between Landsat and AVHRR, MODIS 
and AVHRR, and Landsat and MODIS, respectively. The linear slope of NDVI (Landsat, 
MODIS, and AVHRR) for each pixel over the period 2002–2018 displays a long-term 
trend of green biomass (NDVI) change in the study area, and the slope is slightly 
negative over most of the area. Slope values (−0.002 to −0.05) denote a slight decrease in 
the observed vegetation index over 17 years. The green biomass of the marshlands 
increased by 33.2% of the total area over 17 years. The areas of negative and positive 
slopes correspond to the same areas in slope map when calculated from Landsat, MODIS, 
and AVHRR, although they are different in spatial resolution (30 m, 1 km, and 5 km, 
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respectively). The time series of the average NDVI (2002–2018) for three different 
sensors shows the highest and lowest NDVI values during the same years (for the month 
of June each year). The highest values were 0.19, 0.22, and 0.22 for Landsat, MODIS, 
and AVHRR, respectively, in 2006, and the lowest values were 0.09, 0.14, and 0.09 for 
Landsat, MODIS, and AVHRR, respectively, in 2003. 
Keywords: sensors; remote sensing; comparison; Iraq; NDVI; AVHRR; MODIS; 
Landsat 
3.2 INTRODUCTION 
The Mesopotamian marshes in Iraq are regarded as one of the most vital wetlands 
in the world. It is the largest ecosystem in the Middle East and western Asia. During the 
previous few decades, the area of marshlands has varied between 10,500 km² and 20,000 
km² due to flooding. The marshlands include the Al Hammar marsh, the Central marshes 
or Al-Amarah marsh, and the Al-Huwaiza marsh [1,2]. The marshes are a source of 
biodiversity in the Middle East, because of their size, hydrous vegetation, and their 
detachment from comparative equivalent frameworks [3,4]. The quick-drying up of more 
than 10,000 km² of wetlands and lakes will undoubtedly have noteworthy consequences 
on the atmosphere at a local scale. If the wetlands are eliminated, evapotranspiration and 
moistness rates will diminish, and precipitation patterns will change as well [5]. 
Temperatures will rise, especially during the long summers, with strong and dry winds 
and temperatures rising to more than 40 ◦C [6]. However, these areas suffer from 
numerous problems [5]. Biological system decay has an impact on human health, 
including water shortage and contamination from harmful dust storms blowing off 
saltpans and dried swamp beds.
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The marshlands were subjected to drying operations from the late 1980s to late 
2003 because of the anthropogenic activities of the river damming operations upstream, 
which were politically-driven and caused an ecological disaster in the region [2,7]. The 
degradation was a decline in the area of vegetation and a conversion into barren land. It is 
worth mentioning that the Mesopotamian marshlands experienced re-flooding in late 
2003 after the fall of Saddam’s regime, due to the return of marsh dwellers, who 
destroyed many of the canals and dams that had been built and restoring flow to the 
marshes. 
Satellite datasets have been widely utilized to monitor the changes in vegetation 
coverage. An assessment of temporal changes in vegetation will help to evaluate the 
annual variability of phenology due to changing climate conditions [8,9]. In general, the 
normalized difference vegetation index (NDVI) has been used to estimate changes in 
vegetation. The NDVI is calculated using visible and near-infrared (NIR) bands [10] 
from Advanced Very-High-Resolution Radiometer (AVHRR), Terra Moderate 
Resolution Imaging Spectroradiometer (MODIS), and Landsat sensors. We used NDVI 
data derived from AVHRR, MODIS, and Landsat. Typically, positive NDVI values are 
associated with vegetated areas, while zero and negative values correspond to bare soil 
and water bodies [11]. Vegetation indices are utilized as a surrogate to estimate 
vegetation activity [10,12]. The bandwidths of the red and NIR bands were utilized to 
compute NDVI for the Landsat, MODIS and AVHRR sensors. The Landsat red band is 
between 620 and 690 nm, NIR (770 to 900 nm), and MODIS red (nominally 620 to 670 
nm), and NIR (841 to 876 nm) bands are much narrower than the AVHRR red (585 to 
680 nm) and NIR (730 to 980 nm) bands [13]. The NDVI is strongly associated with the 
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biophysical properties of vegetation [14–16]. These biophysical characteristics include 
leaf area index (LAI), canopy height, or canopy composition [14–16]. The NDVI has 
been successfully used to monitor long-term vegetation dynamics [17–19], detecting 
vegetation and climate interactions [20,21], modeling the net primary productivity [22] 
and carbon estimation of terrestrial ecosystems [23]. 
Different global products, primarily based on AVHRR records, have been used 
for several regional to global scale vegetation research projects [24,25]. The NDVI from 
AVHRR is used to provide worldwide estimates of terrestrial primary production [24,25]. 
Currently, the National Aeronautics and Space Administration (NASA)-led Land Long 
Term Data Record (LTDR) version 5 (V5) is developing daily reflectance data from 1981 
to present, which include an improved atmospheric correction scheme and Bidirectional 
Reflectance Distribution Function (BRDF) corrections [26]. The time series of AVHRR 
includes seven sensors on National Oceanic and Atmospheric Administration (NOAA), 
NOAA-07, NOAA-09, NOAA-11, NOAA-14, NOAA-16, NOAA-18, and NOAA-19. 
Several studies have focused on analyzing the time series of AVHRR NDVI and 
monitoring changes in vegetation phenology [2,27–30]. Long-term analysis of AVHRR 
NDVI has been intercompared with Landsat (Land use/Land cover) along with 
environmental variables, such as rainfall and air temperature, to understand the changes 
in biomass [2,31–34]. Time sequences of NDVI from Landsat have been employed to 
observe land cover changes. Several studies [35–38] have addressed the detection of 
disturbances, furnace, and logging events, whereas [39] monitored modifications in 
vegetation cover to evaluate the effects of changing grazing management practices. 
72 
 
Several studies have compared AVHRR NDVI imagery to NDVI as derived from 
MODIS [40–45]. 
In this paper, we focus on the period of rehabilitation of the marshes (2002–2018) 
to estimate the increase in vegetation through the use of statistical analysis of the NDVI 
from the three different satellite sensors (Landsat, MODIS, and AVHRR). The NDVI 
derived from AVHRR LTDR will be evaluated against Terra MODIS and Landsat 7 the 
Enhanced Thematic Mapper Plus (ETM+) data for the Mesopotamian marshlands in Iraq, 
using statistical analysis. In fact, there have been no previous studies to investigate 
temporal changes in vegetation coverage of the Iraqi marshlands using multiple sensors. 
In this study, we have examined the vegetation index of the study area using three 
different sensors that have different spatial resolution and temporal repeat. This paper 
investigates the utility of combining satellite data with low spatial resolution, frequent 
temporal repeat and long-term coverage with high spatial resolution data with low 
temporal repeat and comparable long-term coverage. The Landsat 7 ETM+ (30 m) and 
Terra MODIS NDVI (1 km) data have been resampled to the same spatial resolution as 
AVHRR LTDR (5 km). We examine the relationship between the NDVI values derived 
from the three sensors to understand the spatial patterns and the correlation of the NDVI 
values between the multiple sensors. We evaluate the accuracy of the time series trend of 
AVHRR NDVI, by comparison, the 1 km resolution Terra MODIS (MOD13A2) NDVI 
data, and 30 m Landsat 7 +ETM NDVI data.
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3.3 DATASETS AND METHODS 
3.3.1 STUDY AREA 
The Mesopotamian marshlands are located in southern Iraq and partially in 
southwestern Iran, between 46.4◦ and 48.0◦ E longitude and 30.5◦ and 32.2◦ N latitude. 
The Mesopotamian marshes are freshwater wetlands that consist of shallow freshwater 
lakes, some of which are permanent lakes, while others are seasonal [2]. The marshes are 
the home of the oldest civilization and one of the largest freshwater marshes in the world 
[46,47]. The marshes lie in the spacious floodplain between the Euphrates and the Tigris 
rivers in the lower part of the Mesopotamian Basin (Figure 3.1). 
The floodplains are an area of low elevation and have been created through the 
accumulation of alluvial materials carried by water runoff from upstream [48]. The 
marshes are an essential part of provincial biodiversity in the Middle East and serve as an 
important habitat for migratory birds and plant species, such as reeds. Additionally, the 
marshlands act as a natural wastewater treatment system for the water flowing from the 
Tigris and Euphrates rivers, as they filter out contaminants before the water reaches the 
Persian Gulf [2,3]. These marshlands are mainly composed of three distinct but closely 
located marshes—A-Hammar Marsh, the Central Marshes, and Al-Huwaiza Marsh. The 
main rivers feeding these marshes are the Euphrates, Tigris, and Karkha rivers. 
According to [49,50], the study area was located in an arid region, as determined by the 
annual rainfall and mean annual temperature. The mean annual rainfall and the average 
annual air temperature are less than 25 mm/year and 26.5 ◦C, respectively [2]. These 
marshlands have undergone several land use and land cover changes during the last 
decades [1,5,51].
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3.3.2 DATA 
3.3.2.1 AVHRR LTDR V5 DAILY NDVI PRODUCT 
AVHRR is onboard the National Oceanic and Atmospheric Administration 
(NOAA) polar-orbiting environmental satellites, which are used to calculate the NDVI 
[52,53]. The latest version (V5) products were made available 
(http://ltdr.nascom.nasa.gov) on 15 August 2017. The daily NDVI estimates are derived 
using daily surface reflectance data from the AVHRR instruments onboard the NOAA 
platforms. There are two spectral channels (Red and NIR) on the NOAA AVHRR sensor 
that are used to calculate the daily NDVI value. The data set used in this study was 
compiled from the NOAA-16, -18, and -19 sensors. The LTDR products from the NOAA 
AVHRR sensors are available at a spatial resolution of 0.05 × 0.05◦ with daily temporal 
resolution. The LTDR NDVI products have been used to map vegetation area and burned 
areas [54–56] and assess droughts [57]. The NDVI has ranged from −1 to 1, where 
positive values represent vegetated areas, while negative NDVI values represent water 
bodies, snow, clouds, and non-vegetated surfaces [58,59] (Table 3.1). 
3.3.2.2 MODIS DATA 
In this study, we used the MOD13A2 Version 6 Vegetation Index (VI) values at 1 
km spatial resolution [60] (https://lpdaac.usgs.gov/products/mod13a2v006/) (Table 3.1). 
MOD13A2 was processed from the MODIS L3 daily surface reflectance product 
(MOD09) that provided red and near-infrared surface reflectance, corrected for the effect 
of atmospheric gases, thin cirrus clouds, and aerosols. The atmospheric correction of 
MOD09 bands 1–7 had been based on the 6S radiative transfer model used to generate 
the surface reflectance [61]. The NOAA Center for Environment Prediction (NCEP) 
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provided the surface pressure, ozone, and water vapor content for the atmospheric 
corrections for the MOD09 product [17]. 
3.3.2.3 LANDSAT 
Landsat 7 ETM+ is the seventh satellite of the Landsat program. Launched on 15 
April 1999, Landsat 7’s goal is to refresh the global archive of satellite images, offering 
updated and cloud-free images. The Landsat 7 data products are generated at 30 m spatial 
resolution and 16 days repeat on a Universal Transverse Mercator (UTM) projection. The 
Landsat Program is managed, operated, and distributed by the United States Geological 
Survey (USGS). Landsat 4–7 Surface Reflectance data products are available via 
EarthExplorer. The USGS Earth Resources Observation and Science (EROS) Center 
Science Processing Architecture (ESPA) on-demand interface offers Landsat 4–5 
Thematic Mapper (TM) and Landsat 7 ETM+ Surface Reflectance, in addition to 
Original Input Products and Metadata, Top of the Atmosphere (TOA) Reflectance, 
NDVI, Normalized Difference Moisture Index (NDMI), Normalized Burn Ratio (NBR), 
Normalized Burn Ratio 2 (NBR2), Soil Adjusted Vegetation Index (SAVI), Modified 
Soil Adjusted Vegetation Index (MSAVI), and Enhanced Vegetation Index (EVI) data 
products [62]. ESPA can be found at https://espa.cr.usgs.gov/. Additional information 
about ESPA’s spectral indices and service processing options for Landsat 4–8 can be 
found in the Spectral Indices Product Guide and ESPA On-Demand Interface User Guide 
(https://landsat.usgs.gov/sites/default/files/documents/ledaps_product_guide.pdf) (Table 
3.1). 
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3.3.2.4 ADDITION DATA 
The USGS Earth Explorer provides Digital Elevation Model (DEM) elevations at 
a 30 m spatial resolution from the Space Shuttle Radar Topography Mission (SRTM). In 
this research, we used DEM data to examine the correlation between NDVI changes and 
elevation in the study area. 
3.3.3 METHODOLOGY 
The NDVI values were derived from the three sensors, AVHRR, MODIS, and 
Landsat 7 ETM+, for the Mesopotamian marshes corresponding to the maximum 
biomass period (June) over 17 years (2002–2018). According to [2], the growing season 
over the Mesopotamian marshes spans from April to August, with the maximum in the 
month of June. We used the month of June due to the minimum presence of clouds 
during the year. We were mosaicked the Landsat images (Path 166 and Rows 38 and 39) 
of the study area for the month of June for the 2002–2018 period. Landsat path 166 and 
row 38 was centered at latitude 31◦44017.52” N and longitude 47◦44049.27” E. Path 166 
and row 39 was centered at latitude 30◦18007.16”N and longitude 47◦21057.1700E. As 
mentioned, the study area was covered by two Landsat ETM+ images (Path 166, Row 38, 
Path 166, Row 39). We used 34 images (two/year) and mosaicked them together. The 
MODIS and AVHRR were re-projected from the sinusoidal projection to the UTM 
projection, the same as the Landsat data. For the direct comparisons between LTDR 
AVHRR, Terra MODIS, and Landsat ETM+, NDVI data were resampled to the spatial 
resolution of AVHRR NDVI (0.05 × 0.05˚). The boxcar method was used for resampling 
when changing the pixel sizes. We took the average of all the 30 m or 1 km pixels for the 
NDVI from Landsat and MODIS, respectively, that fell inside a 5 km pixel of AVHRR as 
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the 5 km pixel value. Spatial resolution alluded to the size of one pixel on the ground. In 
our examination, we utilized Landsat, MODIS, and AVHRR data that had 30 m, 1 km, 
and 5 km, respectively, that implied one pixel on an image corresponded to a square of 30 
m by 30 m, 1 km by 1 km, and 5 km by 5 km on the ground, respectively. Sensors that 
have high spatial resolution cover a smaller area, while temporal repeat describes how 
frequently data for a region were gathered, also referred to as Revisit Time. The temporal 
repeat of the data was 16 days, 16 days, and daily for Landsat, MODIS, and AVHRR, 
respectively (Table 3.1). The three different sensors were intercompared over the 17-year 
period (2002–2018). We analyzed the NDVI time series by examining the linear trends 
over the 2002–2018 time period. The linear trend is one of the most essential descriptors 
of vegetation dynamics for time series, to determine an increase and/or decrease in 
vegetation by using linear regression analysis [8]. Simple linear regression was carried 
out for the NOAA AVHRR, MODIS, and Landsat ETM+ time collection, to observe the 
temporal changes in NDVI. The linear trend model was quantified using the p-value 
(tested for statistical significance at the confidence levels of 95% (p < 0.05) and 90% (p < 
0.1)), the correlation coefficient (R2) and the standard deviation (SD). We also used the 
DEM at 30 m to identify the relationship between elevation and changes in vegetation 
over the 17-year period. 
3.4 RESULTS 
3.4.1 TIME SERIES ANALYSIS 
For each pixel, we calculated the average NDVI over the 17-year period (2002–
2018) for the three different sensors, at their original spatial resolution—5 km, 1 km, and 
30 m for LTDR AVHRR, MODIS, and Landsat 7 ETM+, respectively (Figure 3.2). 
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Figure 3.2 shows a good match, where NDVI values greater than 0.2 were mostly located 
in the northeast of the Al-Huwaiza marsh and the southwest and west parts of Al-
Hammar and the Central marshes of the study area. If we examine Figure 3.2, we can see 
the “bulls-eye” feature on each of the images (for Landsat, MODIS, and AVHRR) that is 
present in the northeast corner of the area. There is a high vegetation area in the 
southwest corner of the area, which is seen in all three images. The only difference in 
both these features between the images is that in the AVHRR image the features are 
blurry (low resolution at 5 km) and in Landsat, the features are sharp (high resolution at 
30 m). MODIS displays the same feature with a resolution in between the two. Overall, 
the three datasets display similar average NDVI variability. 
The Landsat and MODIS NDVI data were resampled to match the spatial 
resolution of the AVHRR NDVI (0.05 × 0.05˚). We employed the boxcar method for this 
process. Each raster value was a temporal-average of 17 months (month of June). The 
peaks in the NDVI plots from the different sensors appeared at approximately the same 
time through the 17 years of overlap (Figure 3.3). Figure 3.3 shows that there is a good 
correspondence between the area-averaged NDVI derived from Landsat and AVHRR. In 
addition, the MODIS time series show a positive bias by about 0.02 relative to Landsat 
and AVHRR. 
There is a good spatial match after the resampling process (Figure 3.4). The same 
features discussed for Figure 3.2 can be seen in Figure 3.4 The only difference between 
the three images for these two features is that both the features appear sharper in the 
Landsat and MODIS as compared to AVHRR. This clearly demonstrates that the 
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observation at a higher spatial resolution is important, and that averaging up (from 30 m 
and 1 km to 5 km) does not degrade the features displayed in the aggregated data. 
3.4.2 COMPARISON OF LINEAR NDVI TREND COMPONENTS 
Pearson’s correlation analysis was used for each pixel to investigate the 
consistency between the NDVI dataset derived from the LTDR AVHRR, Terra MODIS, 
and Landsat 7 ETM+ products from 2002 to 2018 (Figure 3.5). In particular, the Landsat 
NDVI–MODIS NDVI (Figure 3.5c) shows a higher correlation than the Landsat NDVI–
AVHRR NDVI and MODIS NDVI–AVHRR NDVI (Figure 3.5a, b). The correlation 
coefficients between Landsat NDVI–AVHRR NDVI range from −0.2 to 0.6. About 10% 
of the area shows no significant agreement for Landsat and AVHRR NDVI. We can 
clearly see the lack of the dark red (correlation > 0.8) in Figure 3.5a (as compared to 
Figure 3.5c), signifying lower and some with no significant correlations between Landsat 
NDVI and AVHRR NDVI. The spatial pattern of the correlation between MODIS NDVI 
and AVHRR NDVI (Figure 3.5b) is quite similar to the spatial pattern of the correlation 
between Landsat NDVI and AVHRR NDVI (Figure 3.5a). The coefficient of correlation 
ranges between −0.3 and 0.6 (similar to Figure 3.5a). The correlation between Landsat 
NDVI and MODIS NDVI ranges between 0.4 and 0.9 (Figure 3.5c). This is much higher 
than the range of correlation between Landsat NDVI and AVHRR NDVI (Figure 3.5a) 
and MODIS NDVI and AVHRR NDVI (Figure 3.5b). 
The most likely reason for the higher agreement between Landsat and MODIS is 
the closer spatial resolution of the two sensors (30 m and 1 km) as compared to MODIS 
and AVHRR (1 km and 5 km) or Landsat and AVHRR (30 m and 5 km). Additionally, 
the coefficient of determination (R2) for the three different sensors over 17 years (2002–
80 
 
2018) shows positive and high R2 (Figure 3.6). Figure 3.6a shows a positive linear 
correlation between Landsat NDVI and AVHRR NDVI (R2 = 0.79), Figure 3.6b 
represents R2 = 0.77 between MODIS NDVI and AVHRR NDVI, and Figure 3.6c shows 
R2 = 0.96 between NDVI derived from Landsat 7 ETM+ and MOD13A2 V6. As 
expected from the correlation results displayed in Figure 3.5, the highest correlation is 
between Landsat NDVI and MODIS NDVI. 
We calculated the spatial standard deviation (SD) for each NDVI pixel of datasets 
at the LTDR AVHRR resolution over 17 years (Figure 3.7). The SD of the time series 
from the three sensors shows similar spatial patterns. We observed the same area of high 
standard deviation in the northeast portion of the study area as well as in the southwest 
portion (visible in the light blue color). Figure 3.7 shows that the standard deviation is 
generally less than 0.15 for all three sensors. This means that all sensors showed similar 
spatial variation of standard deviation NDVI around the average standard deviation of 
NDVI. 
The NDVI time series used to statistically analyze was based on linear regression, 
to identify the areas that showed a change in vegetation index over time. The temporal 
trend of vegetation greenness (NDVI) was measured using the slope. Figure 3.8 shows a 
computed linear slope (for each pixel) for the period from 2002 to 2018. This illustrates 
the locations of increase (positive slope) or decrease (negative slope) in vegetation. The 
color green (dark high, light low) (in Figure 3.8) represents an increase in NDVI, while 
light and dark brown colors represent the decline in NDVI. The range of increase and 
decrease in the slope of vegetation index is between −0.05 and 0.05. The green biomass 
(NDVI) of the Mesopotamian marshes over 17 years (2002–2018) increased in 33.2% of 
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the total is, i.e., one-third of the area has a positive slope for the trend of the vegetation 
index. It can be seen from Figure 3.8 that the slope is slightly negative over most of the 
area (−0.002 to −0.05), indicating an overall slight decrease in the vegetation index over 
time. The areas of positive (green) and negative (brown) slopes were located in the same 
areas in each image, even though Landsat, MODIS, and AVHRR have different spatial 
resolutions (30 m, 1 km, and 5 km). 
According to the linear slope analysis, the three sensors are consistent. The reason 
for the increase in vegetation index in the west of Al-Hammar marsh, the northeast of Al-
Huwaiza marsh, and the southern and middle parts of the Central marshes is due to the 
difference in elevation, where rivers and rainfall water that feed the marshes remain for a 
longer period due to the lower elevation. The increase in vegetation coverage is 
concentrated in the lowest elevations, which ranges between 0 and 6 m (Figure 3.9). 
These low elevation areas agree well with the areas of positive slope in the NDVI. 
Table 3.2 and Figure 3.10 show the inverse relationship between the increase in the green 
biomass over the time series and elevations. The increase in vegetation coverage, which 
is more than 2000 km², is concentrated in the lowlands (0–6 m) until it reaches as low as 
0.4 km² in the highlands (>17 m).  
However, we tested the linear slope for statistical significance at the level of 95% 
(p < 0.05) and 90% (p < 0.1) (Figure 3.11). Figure 3.11 shows that the three datasets have 
a good match, where the three data clearly show the major areas are statistically 
significant, with p < 0.05 and p < 0.1.
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3.5 DISCUSSION 
The Mesopotamian marshes had been subjected to drying operations almost for 
two decades (the late 1980s to late 2003) due to anthropogenic activities, through the 
construction of a series of dams upstream of rivers in Turkey, Syria, Iran, and local canals 
and dams [2,5,63]. In late 2003, after the fall of Saddam’s government, the marshes 
experienced re-flooding. In this paper, we have focused on the period of rehabilitation of 
the marshes (2002–2018) to examine the increase in vegetation index through the use of 
statistical analysis of the NDVI from the three different sensors (Landsat, MODIS, and 
AVHRR). We examined NDVI derived from the three different datasets—AVHRR 
LTDR V5, Terra MODIS, and Landsat 7 ETM+ for the Mesopotamian Marshes. The 
statistical analysis revealed that, although there are differences in spatial and temporal 
resolution between the three NDVI datasets, the overall trends and spatial variability in 
NDVI were similar over the 17-year period (2002–2018). The NDVI time series 
exhibited similar lowest and highest values of NDVI in 2003 and 2006, respectively 
(Figure 3.3). The coefficients of determination were positive between the three datasets. 
The linear correlations were 0.786, 0.774, and 0.959 between AVHR and Landsat, 
AVHRR and MODIS, and Landsat and MODIS, respectively. AVHRR has a much lower 
spatial resolution (5 km) as compared to MODIS (1 km) and Landsat (30 m). This is the 
reason for the low similarity. There have some previous studies that found similar results 
to ours. Gallo et al. [13], concluded that, despite the fact that distinctions exist in several 
factors which may impact the composite NDVI values, the 16-day composite NDVI 
values observed with the Terra and Aqua MODIS, and LTDR AVHRR, were comparable 
when examined over comparable time intervals and land cover. Bédard et al. [64], 
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compared NDVI composites from NOAA AVHRR and Terra MODIS for pastureland in 
Alberta. They studied the statistical relationship between NDVI values derived from both 
sources and compared them to pasture productivity field data. Correlation coefficients of 
0.74 and 0.71 were obtained while correlating pasture productivity with NDVI 
composites from Terra MODIS and NOAA AVHRR, respectively. According to Brown 
et al. [12], the AVHRR NDVI dataset offers a bridge between the historical record and 
the newer satellite sensors, permitting an extension of the short records and assisting 
global change research that require the use of vegetation data. Tsuchiya et al. [65] studied 
the observations from three spectral bands (green, red, and near-infrared) of the four 
sensors—Terra/ASTER, Terra/MODIS, NOAA/AVHRR, and Landsat/ETM+—and 
showed that the sensors were highly cross-correlated. We acknowledge that there are 
substantial differences between NDVI products, due to their spatial resolution and 
temporal repeat. However, we are interested in the differences in spatial patterns, as we 
have the high-resolution Landsat (30 m) at low temporal repeat (bi-weekly) and has been 
available for a long time period (1980s–present); the AVHRR has a low spatial resolution 
(5 km) but a good temporal repeat (daily), and has been available for a long time (1980s–
present); and in between these two extremes is the MODIS, with moderate spatial 
resolution (1 km), good temporal repeat (daily), and a time interval of 20 years (2000–
present). However, the standard deviations of the time series of NDVI that have been 
calculated from the three different sensors show a similar spatial pattern (Figure 3.7). The 
high values of standard deviation occur in the area that has a positive slope for the trend 
of vegetation index. The long-term trend of NDVI showed an increase in vegetation 
coverage in the western area of Al-Hammar marsh, the northeast of Al-Huwaiza marsh, 
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and the south and middle parts of the Central marshes, in the three sensors. According to 
Guo et al. [17], the spatial distributions of the significantly positive trends of NDVI were 
similar between the two datasets (MODIS and LTDR AVHRR) for the Loess Plateau and 
Northeast Plain. The vegetation coverage of the marshes increased by 33.2% in the past 
17 years (2002–2018). This increase in vegetation is due to the return of marsh dwellers, 
who demolished most of the canals and dams that had been built during Saddam’s regime 
[1,2], which prevented water from reaching the marshes. Additionally, the increase in 
vegetation is linked to the difference in elevation. At low elevations (0–6 m), rivers and 
precipitation feed the marshes, which provides a favorable environment for plant growth. 
3.6 CONCLUSION 
In our recently published manuscript, Albarakat et al. [2], we calculated the 
statistical analysis (trend of NDVI) from 1982 when the Iraqi marshes were not affected 
by any anthropogenic activities. From 1982 to 1985, most of the Mesopotamian marshes 
were covered by vegetation and water bodies. Between the late 1980s until 2003 the 
marshlands had been subjected to drying operations by the construction of the series of 
dams and canals that decreased the flow of the Tigris, Euphrates, and Karkha rivers 
through the marshlands. This led to the transformation of the marshes to barren land, and 
the vegetated areas significantly deteriorated compared to pre-drying years. During this 
research, we employed statistical analysis from 2002—the year which is widely 
considered to be the end of the drying operations. The Mesopotamian marshlands 
experienced re-flooding in late 2003, after the fall of Saddam’s regime, due to the return 
of the marsh dwellers, who destroyed many of the canals and dams that had been 
previously built. In this study, we found the vegetation coverage of the marshes increased 
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by 33.2% compared to 2002 (pre-re-flooding). However, as our analyses demonstrated, 
there was a similar performance of all three datasets examined here (AVHRR, MODIS, 
and Landsat). AVHRR can be considered an attractive source of information for studying 
long-term variations and trends in the land surface vegetation. In addition to AVHHR’s 
long-term availability (almost four decades), AVHRR LTDR data are global and proven 
at a daily time repeat. The MODIS sensor temporal coverage is limited to less than 20 
years (2000–present), and data are provided as 8- or 16-day composites. Landsat images 
are provided at 30 m spatial resolution and offer a long-term temporal record (30 years). 
However, the Landsat data are susceptible to cloud cover and only a few images are 
available per year (with a 20-day repeat visit). In this study, we found that the sensors are 
cross-correlated with high accuracy. This paper explores the utility of matching low 
spatial resolution with good temporal repeat and long-term coverage, and a high spatial 
resolution with low temporal repeat and similar long-term coverage. Finally, this study 
also proves that we can use the low-resolution AVHRR data for land cover change 
studies, as it shows a similar trend to the high-resolution Landsat over the same time 
period. 
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3.7 TABLES AND FIGURES 
Table 3. 1. Data used in the present study. 
Sensor/ Model  Variable   Spatial Resolution Temporal 
 Resolution  
Coverage 
AVHRR¹ NDVI² 0.05° (~5 km) Daily 1981- Present 
MODIS³ NDVI 1Km Daily 2002-Present 
Landsat7 Bands 1-7 30m  16 Days 1999 - Present 
¹ Advanced Very-High-Resolution Radiometer (AVHRR), ² Normalized Difference 
Vegetation Index (NDVI), ³ Moderate Resolution Imaging Spectroradiometer (MODIS).
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Table 3. 2. Shows correlation between Area of biomass (km²) and Elevation (m). 
 
 
Elevation 
range (m) 
Area of Elevation in 
km² 
Area of increase in biomass over 17 
years 
0 - 3 3984.6 1615.7 
3 - 6 3659.6 975.2 
6 - 10 1279.4 412.8 
10 - 17 97.6 5.8 
> 17 37.2 0.4 
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Figure 3. 1. Shows false color composite Enhanced Thematic Mapper Plus (ETM+) 
image for the Mesopotamian Marshes for June 2018. Open water was shown in black 
and turquoise, vegetation was shown in dark and light green, and the barren area was 
shown in dark and light green, and the barren area was shown in light brownish, white 
and gray. 
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Figure 3. 2. Average NDVI over the 17-year period (2002-2018) for three different 
sensors at their original spatial resolution ~5km, 1km, and 30m for LTDR AVHRR, 
MODIS and Landsat 7 ETM+ respectively. 
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Figure 3. 3. The time series of average NDVI from 2002 to 2018 for three different 
sensors at their original spatial resolution ~5km, 1km, and 30m for LTDR AVHRR, 
MODIS and Landsat 7 ETM+ respectively
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Figure 3. 4. Average NDVI over the 17-year period (2002-2018) for Landsat 7 ETM+ 
and Terra MODIS NDVI resampled to the spatial resolution of AVHRR LTDR (5km). 
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Figure 3. 5. (a, b and c) Pearson’s correlation analysis between NDVI from AVHRR, 
MODIS and Landsat over 17 years (2002-2018). (a) Landsat-AVHRR (b) MODIS-
AVHRR, and (c) Landsat-MODIS. 
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Figure 3. 6. (a, b and c) Shows the comparison of annual average NDVI values from the 
three different sensors over 17 years (a) Landsat versus AVHRR (b) MODIS versus 
AVHRR, and (c) Landsat versus MODIS.
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Figure 3. 7. Shows the temporal Standard Deviation for each pixel (2002-2017) to the 
three different sensors (AVHRR, MODIS, and Landsat).
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Figure 3. 8. Linear slope of NDVI (AVHRR, MODIS, and Landsat) for each pixel over 
the period of 2002–2018 showing long-term trends of green biomass change in The 
Mesopotamian marshes. 
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Figure 3. 9. Combined digital elevation model (DEM) image (30 × 30 m) with the 
increase in vegetation coverage (from the linear slope of the NDVI). 
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Figure 3. 10. Correlation between vegetation (from linear slope of the NDVI) and 
elevation.
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Figure 3. 11. Pixel-based significance of linear slope over the period 2002 - 2018 for the 
Mesopotamian marshes from the three different sensors (AVHRR, MODIS, and 
Landsat).
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4.1 ABSTRACT 
Dust storms can suspend large quantities of sand and cause haze in the boundary 
layer over local and regional scales. Iraq is one of the countries that is often impacted to a 
large degree by the occurrences of dust storms. The time between June 29 to July 8, 
2009, is considered one of the worst dust storm periods of all time and many Iraq is 
suffered medical problems as a result. We used data from the Moderate Resolution 
Imaging Spectroradiometer (MODIS). MODIS Surface Reflectance Daily L2G Global 1 
km and 500 m data were utilized to calculate the Normalized Difference Dust Index 
(NDDI). The MYD09GA V006 product was used to monitor, map, and assess the 
development and spread of dust storms over the arid and semi-arid territories of Iraq. We 
set thresholds for NDDI to distinguish between water and/or ice cloud and ground 
features and dust storms. In addition; brightness temperature data (TB) from the Aqua 
/MODIS thermal band 31 were analyzed to distinguish sand on the land surface from 
atmospheric dust. We used the MODIS level 2 MYD04 deep blue 550 nm Aerosol 
Option Depth (AOD) data that maintains accuracy even over bright desert surfaces. We 
found NDDI values lower than 0.05 represent clouds and water bodies, while NDDI 
greater than 0.18 correspond to dust storm regions. The threshold of TB of 310.5 K was 
used to distinguish aerosols from the sand on the ground. Approximately 75% of the 
territory was covered by a dust storm on 5 July 2009 due to strong and dry northwesterly 
winds. 
Keywords: Sand and dust storm; MODIS; Aerosol Optical Depth; Iraq; Wind 
speed.
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4.2 INTRODUCTION 
Most of the dust storms occur in arid and semi-arid regions and they impact 
human health, economy, and natural resources [1]. Dust storms generally occur in areas 
with dry climate where the average annual rainfall of less than 100 mm [2]. Dust storms 
are formed when strong winds blow over surfaces covered by loose and dry soil and lack 
vegetation coverage [3,4]. Sand and dust storms (SDS) originate over loose soil or sand 
and the strong winds pick up this material and cause a significant decrease in visibility. 
Finer dust particles are entrained in the air by suspension, which is a process that moves 
soil from one place and deposits it in another [5]. There are many variables that affect the 
formation of dust storms such as soil moisture, amount of precipitation, drought duration, 
desertification extent and human activities [3,6]. The propagation of dust storms (SDS) is 
primarily due to wind over the land surface of arid and semi-arid regions [7]. At low 
wind speeds, there will be no motion, but when the wind speed reaches the threshold 
value a number of particles will start to vibrate [7]. The movement of the particles 
through one of three modes of transport is dependent on particle size, shape and density 
and fine dust particles are suspended in the air and travel through the wind and are 
deposited hundreds or even thousands of kilometers away from their source [7]. Previous 
studies of dust storms have identified sources [8], mechanisms [9,10] and variables 
impacting the dynamics of this transport [11,12]. Multiple research has suggested that 
20% of SDS is formed over Iraq, Saudi Arabia and Iran [13]. Iraq, which is located in 
between dust storms pathways is characterized by very dry weather during the summer 
season [14]. Surface wind speed has for the most part been viewed as the fundamental 
factor that impacts the mobilization of sand and dust particles [15]. Dust events are 
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impacted by wind speed as well as by land surface conditions [16–20]. Long periods of 
improper cultivation practices, improper use of water resources and environmental 
changes have contributed to diminished vegetation, desertification, and droughts, and 
these have contributed to the regional SDS issue. Dry seasons and arid conditions support 
the disintegration of soil particles, and wind precipitates the formation of SDS [14]. Over 
this area, dust storms are driven by northwesterly winds, called Shamal (meaning north in 
Arabic) that travel across central and southern Iraq and pick up dust from the alluvial 
plains of the Tigris and Euphrates Rivers 
(http://earthobservatory.nasa.gov/NaturalHazards) [14,21]. Shamal generally occurs and 
is the strongest during the summer months between June and September and decreases 
during the winter months [21]. In this study, we are focusing on the time period June 29 
to July 8, 2009, which is considered the strongest dust storm period in Iraq during the last 
decade [13,21]. Iranian weather news agency ranked this event as the worst in three 
decades that the country had experienced [22]. A large dust storm moved through Iraq in 
the first week of July 2009. As indicated by news reports, Iraqis believed the storm to be 
the most disastrous in living memory. Several individuals reported to the emergency 
clinics for respiratory pain, and the dust interfered with air and land travel for nearly a 
week (https://earthobservatory.nasa.gov/images/39206/dust-stormover-iraq). The 
Moderate Resolution Imaging Spectro-radiometer (MODIS)/ Aqua data and ground 
observations (wind speed and wind direction) have been used to assess the dust storm 
conditions over Iraq and the surrounding areas (i.e. parts of Saudi Arabia, Kuwait, and 
Iran). Dust storms have been monitored in the past. However, these past efforts have been 
limited and earlier research has been based on ground observations and true-color images 
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[6]. We examined the relationship between the wind speed and direction (from the 
ground meteorological stations) and the MODIS Aerosol Option Depth (AOD), true-
color images and Brightness Temperature (TB) using satellite remote sensing data. 
Additionally, this research examines the potential of Normalized Difference Dust Index 
(NDDI) to monitor SDS, where NDDI is calculated using the following expression [6]: 
NDDI= (  .          .      )
(  .          .      )
 
Equation 4.1: Calculating NDDI. 
where ρ2.13 μm and ρ0.469 μm represent the surface reflectance observations at 
the top of the atmosphere at 2.13 and 0.469 μm, wavelengths respectively, which 
correspond to MODIS bands 3 and 7, respectively and these are available at 500 m 
resolution. Statistical analysis will be used to determine thresholds of NDDI, TB to create 
maps that show the extraction of dust storm areas on the study area. 
4.3 DATA AND METHODS 
4.3.1 DATA 
Daily satellite images from MODIS/Aqua surface reflectance products were used 
in this analysis. MODIS contains 36 spectral bands, which range from 0.415 μm to 
14.235 μm in wavelength. Data are at three different spatial resolutions depending on the 
spectral band, i.e., 250 m, 500 m and 1 km for spectral bands (1–2), bands (3–7) and 
bands (8–36), respectively [23]. The specific spectral signatures of different materials 
cataloged in the Advanced Spaceborne Thermal Emission and Reflection Radiometer 
(ASTER) spectrum library are utilized as a reference for material determination [24]. The 
reflectance of water and ice cloud, sand, grass, soil, urban and water in the MODIS bands 
(0.4–2.5 μm) have been analyzed. In general, the reflectance of dust (sand and soil) 
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increases with wavelength between 0.4 and 2.5 μm with a minimum value in MODIS 
band 3 (0.469 μm) and a maximum value in MODIS band 7 (2.13 μm) [6]. This study 
utilized the MODIS/Aqua Surface Reflectance Daily L2G Global V006 products 
(MYD09GA) to estimate the spectral reflectance for calculating NDDI and to create true-
color images by combining bands (1, 4 and 3) respectively. In addition, thermal daily TB 
data (MYDTBGA) (band 31 centered at 10.78–11.28 μm) was used to separate airborne 
sand and dust pixels from ground sand and dust [6]. We selected the MODIS level 2 
MYD04 deep blue 550 nm AOD data for the period June 29 through July 8, 2009 to 
confirm the validity of NDDI, the RGB bands and thermal band results. Deep blue AOD 
data has been extensively validated by multiple researchers in field studies [25]. 
Additionally, deep blue data preserves accuracy even over bright desert surfaces, while 
other satellite-based algorithms have difficulty obtaining precise observations [26,27]. 
Wind speed and wind direction information necessary for validation of satellite-retrieved 
dust storms were acquired from ground-based weather stations (Figure 4.1). We selected 
certain stations (Mosul, Baghdad, Al-Asad, Al-Kut, Al-Qaim, Al-Basra and Al-Najaf) 
from Iraqi Meteorological Organization and Seismology. The wind speed and direction 
were measured by anemometer at a height of 10 m above the ground level [28]. 
4.3.2 SAND AND DUST DETECTION METHOD 
In this research, NDDI was used to map the SDS by using the threshold 
methodology to separate dust areas from other features i.e. water and ice clouds and 
ground features except ground sand and dust. Given the high reflectance at band 3 (0.469 
μm) and low reflectance at band 7 (2.13 μm), a value of < 0.05 was found to be a 
reasonable threshold for masking cloud and water bodies [6]. After analyzing all 
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available NDDI images for the study period it was found that the pixels with NDDI 
values lower than 0.05 represent clouds and water bodies, while NDDI values less than 
equal to 0.18 for surface features (0.05 < NDDI ≤ 0.18) and higher than 0.18 (NDDI > 
0.18) for SDS. We analyzed the TB of Aqua/MODIS band 31 (10.78–11.28 μm) (Figure 
4.2a). TB is used to separate the airborne sand and dust, and the ground sand and dust 
(aerosol pixels are cooler in contrast to ground sand and dust). Figure 4.2a illustrates the 
threshold of TB of 310.5 K that was used to differentiate aerosols from ground sand. TB 
and NDDI results were compared against the mosaicked true color images built using 
Aqua/MODIS using bands (1, 4 and 3) (Figure 4.2b). The determination of the thresholds 
of NDDI (cloud mask and water bodies) and TB were used for mapping dust storms area 
in the study. We have calculated the percentage of area covered by dust storms. The 
percentage was calculated by dividing the area covered via dust storms by the total area 
of the study area. Table 4.1 shows the area coverage in km² of the dust storms for the 10 
days period between June 29 and July 8, 2009 as well as the percentage of the coverage 
by dust storms in each day. The covered area was the largest on July 5 and the smallest 
on June 29. A positive relationship was found between the dust storm area and wind 
speed, i.e. an increase in wind speed resulted in an increase of the dust storm area. The 
most significant dust-related activity occurs in the northwestern and western parts of Iraq. 
These regions are covered by deserts and are characterized by a lack of vegetation during 
the summer season (June, July, and August) and no rainfall [29]. Figures 2a and b 
showed that the dust emissions in the Tigris and Euphrates alluvial plain reach maximum 
during the month of July [30]. Shamal winds mobilize the dust and sand particles from 
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Tigris and Euphrates River Basins and carry it towards Western Iran and the Persian Gulf 
[30]. 
4.4 RESULTS 
4.4.1 RELATION BETWEEN NDDI, TB AND TRUE COLOR 
NDDI computed using MODIS/Aqua surface reflectance data was applied to 
monitor dust storms formation and spread over Iraq and the surrounding areas. NDDI 
values lower than 0.05 represent clouds and water bodies, while NDDI values less than 
equal to 0.18 for surface features (0.05 < NDDI ≤ 0.18) and higher than 0.18 (NDDI > 
0.18) for SDS. The 10 categories of TB are outlined in Figure 4.2a were selected based 
on Natural breaks (Jenks) algorithm provided by ArcGIS software [31] and are 
representative of different features observed in the area, i.e. water, clouds, dust, and other 
ground features. A sensitivity test was carried out to evaluate the feature-specific TB 
threshold values. It was found that a threshold of 310.5 K allows us to distinguish 
between dust storms and the ground dust and sand. 
TB greater than 310.5 K represents ground sand and dust whereas the dust storm 
regions have TB less than 310.5 K because aerosol and dust pixels are cooler than ground 
dust and sand [6]. Generally, dust storms occur due to the convective currents that are 
caused by the heating of the Earth’s surface. The warm air ascends upward in the 
convective currents, this combined with the relatively cold winds cause fluctuations in 
the atmospheric pressure and heat. This, in turn, causes dust accumulation and carries 
sand grains up to a level commensurate with the strength of the wind, drought and soil 
disintegration [32]. The map of TB extraction of dust storm areas (Figure 4.3) illustrates 
the dust storm gradually started to increase around June 30 and reached its maximum 
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coverage and strength on July 5. The dust storm started to decrease after July 6. On July 
7, sand and dust blew again over the Central and Eastern parts of Iraq. We also compared 
the NDDI and TB against true color composites to monitor the dust storms and validate 
the detection results. 
Figure 4.3 shows the dust storm areas after masking the clouds, water bodies, and 
ground features (dust and sand particles). As discussed previously, July 5 is associated 
with the largest areal coverage of dust storms over the region. The dust storm percentages 
area on June 29, 30 and July 1 to 8, as compared to the total selected area were 6, 17, 7, 
8, 27, 29, 71, 25, 24 and 15% respectively, as summarized in Table 4.1. Approximately, 
three-quarters of the area was covered by a dust storm on July 5 due to strong and dry 
Shamal winds. The West of Iraq, Western Tigris and Euphrates alluvial plain and Eastern 
part of Syria are more active areas of dust emission during selected days. 
4.4.2 AEROSOL OPTICAL DEPTH (AOD) AND WIND SPEED AND DIRECTION 
AOD is the degree to which aerosols prevent the transmission of light by 
absorption or scattering of light [26]. AOD is the amount of aerosol in the atmosphere. In 
this study, we used MODIS deep blue 550 nm AOD because deep blue data is able to 
provide aerosol properties even over bright arid land surfaces [27]. However, Figure 4.4 
shows areas of AOD in matching with the wind speed during the 10 days study period. 
The AOD values were used to classify the dust-outbreak states using classifications from 
the previous research of Park et al. [33]. According to Park et al. [33], AOD values from 
1.0 to 3.0 represent the dust-outbreak state. In our research, the AOD was classified into 
three classes (AOD ≥ 1.0, AOD ≥ 1.5 and AOD ≥ 2.0). High correlation coefficient 
values (0.8691, 0.8853 and 0.8844) between wind speeds and the three classes of AOD ≥ 
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0.1, ≥ 1.5 and ≥ 2, respectively. Additionally, strong wind speeds and dust storm areas 
were found to have a high correlation (0.825). This indicates that there is a matching of 
satellite data with ground observations. The strongest wind speed occurred on July 5 
when it reached about 8 m/s. 
The occurrence of the total number of AOD for three classes reached a maximum 
on July-5 According to the Iraqi news agency, hundreds of Iraqi people reported to the 
hospital because of blowing dust in the first week of July 2009 [34]. Annually, the 
Shamal winds blow from mid-June through September and reach the speed on 8 m/s 
(speed required to launch the dust off the ground) [35]. Shamal winds can continue for 
several days, and can create destructive dust storms [14]. However, the wind speed 
sensors at the weather stations (Figure 4.1) are installed at a height of 10 m above the 
ground. Weather stations in Iraq measure wind speed and wind direction. The most 
common, included in complete weather stations, is the anemometer, which typically 
consists of a rotating vane to measure the direction and a shaft with cups attached that 
spins with the wind to measure its speed. 
Figure 4.5 shows the continuous northern wind for ten days all the weather station 
locations (Figure 4.1). Wind speed and land surface conditions such as soil moisture are 
the main factors that led to the worst dust storm over Iraq. A major drought occurred in 
2009 that caused a decrease in runoff from the two main rivers in Iraq (Tigris and 
Euphrates). This resulted in the reduction of the water flow and vegetation coverage in 
the Mesopotamian marshlands [36,37]. Additionally, high temperatures and a negligible 
amount of precipitation between June and September of the year in Iraq increased the 
number of dust storms over the study region [14,38]. Frequently, temperature during 
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summer season exceeds 45 ◦C [39]. The SDSs over Iraq and surroundings have severe 
effects on human health, transportation, and other societal activities. The intensity of 
aerosol burdens during the period mentioned above was a result of the combined effect of 
the seasonal drying of the multiple lakes and marshes, the resulting SDS lasted for 
several days [34]. 
4.5 DISCUSSION AND CONCLUSIONS 
A combination of satellite data from MODIS/Aqua and meteorological data 
(wind) were used to monitor and analyze the occurrence of dust storms between June 29 
and July 8, 2009, in Iraq. Comparing NDDI, TB, true-color images and AOD data 
showed reasonable agreement and match with ground-based observations of wind speed 
and wind direction. NDDI values lower than 0.05 represent clouds and water bodies, 
while NDDI values less than equal to 0.18 for surface features (0.05 < NDDI ≤ 0.18) and 
higher than 0.18 (NDDI > 0.18) for SDS. The AOD was classified into 3 categories 
(AOD ≥ 1, AOD ≥ 1.5 and AOD ≥ 2), they showed high correlation values (0.8691, 
0.8853 and 0.8844) respectively with wind speeds. The threshold of TB was 310.5 K that 
used to distinguish aerosols from ground sand. Pixels have lower than 310.5K represent 
aerosols but ground sand particles were represented by pixels that show TB values 
greater than 310.5 K. Approximately, seventy percent of the territory was covered by dust 
storm on July 5 due to strong and dry northwesterly winds. This research showed good 
correspondence between satellite detection and ground meteorological data (wind speeds 
and directions). It is seen that both NDDI and TB have distinctive threshold values over 
Iraq in contrast with the previous studies. Qu et al. [6] calculated the NDDI to detect SDS 
over the Gobi region. They used the negative value of NDDI (NDDI < 0.0) for clouds, 
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less than equal to 0.28 for surface features (0.0 < NDDI ≤ 0.28) and higher than 0.28 
(NDDI > 0.28) for dust and sand particles. They presented TB threshold of 275 K to 
recognize the airborne from ground sand and dust. Li and Song [40] applied the NDDI 
and they identified threshold value of 0.26 to identify sand and dust storms. Butt et al. 
[41] used negative NDDI values to determine clouds. Additionally, they identified the 
NDDI values less than 0.23 for surface features, and greater than equal 0.23 (NDDI ≥ 
0.23) for SDS. Butt et al. [41] found the TB threshold value of 290 K to distinguish the 
SDS, and ground sand and dust. Xie et al. [42] demonstrated an enormous contrast in the 
NDDI and Bright Temperature Difference (BTD) (12, 11) values among cloud and dust. 
cloud had negative BTD (12, 11) and NDDI values, while in contrast, dust had positive 
values of those two indices. The reason for this difference in the threshold values of 
NDDI and TB is due to the difference in the environment, which in turn affects the 
temperature of SDS, air, and sand on the surface of the earth. However, as discussed, the 
main reasons that led to the worst dust storms that swept over Iraq in July specifically in 
summer 2009 were lack of rain, high temperature in the neighboring countries and 
mismanagement of water and lack of irrigation of agricultural lands [43]. All these 
factors created the drought in the summer of the year 2009 led to dust storms [43–45]. 
Additionally, the strong Northwesterly Shamal winds promote erosion from the alluvial 
deposits in the Tigris and Euphrates basin. Al-Dousari et al. [46] identified eight major 
SDS trajectories, one of them was The Mesopotamian Flood Plain (The Mesopotamian 
marshes) that due to the marshlands having been subjected to many drastic conditions 
over a long time [43]. 
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The above study provides a framework for using readily available satellite data to 
carry out post-analysis of the dust storms. Such an analysis will help decision-makers to 
send relief aid to the affected communities and to mobilize services for loss of 
agriculture, industry, or other livelihoods. This work fits in with many other works 
carried out by many others. There has been seminal work done by Doronzo et al. [47] as 
a part of a special section on the study of dust storms. They outlined the fact that dust 
travels long distances – the dust from Sahara can reach the Amazonia; the dust from 
North Africa affected Europe in 2011 and these and others were topics that were 
discussed in an international conference on dust. A more recent work by Doronzo et al. 
[48] has showcased research on the movement of dust storms in the dry environments in 
a special issue. They show that dust impacts various areas cover different parts of the 
world and the science of movement of dust is well-advanced. The work by Middleton and 
Kang, [49] analyses the impact of dust storms and outlines methods to minimize impacts 
from these storms in a global fashion. Some of the impacts listed in their work include 
soil loss, crop root exposure, air pollution, disruption of transport, disease, salinization, 
and reduction of solar potential to name a few. They outline methods to control dust 
production using vegetation and fencing. Al-Hemoud et al. [50] study the impact of dust 
storms on oil and gas industry in Kuwait and assess the loss in revenue in drilling, project 
management and above all encroachment of sand on exploration structures resulting in 
malfunctioning of equipment. Kim et al. [51] show that planting vegetation (trees and 
shrubs) decreased the particulate matter due to dust storms in the environment in Seoul, 
South Korea. Hamdan et al. [52] characterize the fine particulate matter in the 
atmosphere using laboratory techniques of x-ray fluorescence, scanning electron 
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microscope and x-ray diffraction. The identified the major chemical and mineral 
compositions of the particulates. Al-Dousari et al. [46] identified eight major trajectories 
of the major dust storms that originate in the Middle East region (and classified according 
to size of particles) using remote sensing from NOAA AVHRR, MODIS and TOMS 
(Total Ozone Mapping Spectrometer) as well as on-site sampling using dust traps and 
laboratory techniques similar to the ones mentioned above. Cao et al. [53] use 
meteorological data to study dust storm events and generate a sand dust storm index at 
several locations all across China and specifically in the Tree-North Forest Shelterbelt 
Program region and identified the origin of the sand at these locations. 
We are using satellite sensors to detect dust storms that have a profound impact in 
many countries of the Middle East and elsewhere where the dust storms would travel. 
With the advent of CubeSats and SmallSats, it is quite possible in the near future to have 
dedicated satellite sensors some even in geostationary orbits with channels similar to the 
MODIS channels so that we can monitor dust storms in specific geographic areas and 
issue advance warnings with sufficient lead times. This will help protect life and 
property. This study definitely presents one particular application of the MODIS sensor. 
Past missions have not been directed to this particular application and it is our hope that 
this work will make the audience who are attuned to satellite sensor development aware 
of such important societal applications. 
Our analysis is the first step in identifying communities that get repeatedly 
impacted by dust storms. Such an analysis will help land-use managers to control 
development in such areas (including mitigation measures) so as to avoid harm to life and 
property. We can develop a robust methodology to provide early warnings to the 
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population and provide a systematic approach to the prediction of dust storms—one of 
the most common natural hazards in this region. 
4.6 TABLES AND FIGURES 
Table 4. 1. Dust Storm Areas for June-29 – July-8 2009. 
Date Dust Area in Km² Percentage of Dust Storm 
Area (%) 
Jun-29 52381.3 6 
Jun-30 141593.4 17 
Jul-1 51425.7 7 
Jul-2 57533.8 8 
Jul-3 234754.1 27 
Jul-4 251102.8 29 
Jul-5 540640.8 71 
Jul-6 209680.6 25 
Jul-7 206160.8 24 
Jul-8 128364.8 15 
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Figure 4.1 The location of weather stations in the study area. 
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                    (b) 
 
Figure 4.2. (a)TB images of Aqua MODIS band 31 (10.78–11.28 μm) for 10 days (June 
29–July 8, 2009) over Iraq and surroundings; (b) Aqua MODIS true-color images bands 
(1,4 and 3) respectively for 10 days (June 29 to July 8, 2009)
(a) 
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Figure 4.3. Shows the extraction of the percentage of dust storm areas; clouds, water 
bodies, and other ground features are eliminated. 
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Figure 4.4 Illustrates the occurrences of AOD for three classes (AOD ≥  1.0, AOD ≥  1.5 
and AOD ≥  2.0) with wind speeds through 10 days (June 29–July 8, 2009). 
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Figure 4.5. Wind rose plot for the measurement sites for 10 days (June 29–July 8, 2009).
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CHAPTER V CONCLUSION AND FUTURE WORKS 
5.1 CONCLUSIONS 
The Mesopotamian marshlands in Iraq have been subjected to drastic conditions 
due to drying operations that started during the late 1980s. The flow of the Euphrates and 
Tigris rivers has been altered by the construction of dams and canals upstream that 
caused an ecological disaster. In late 2003 after the fall of Saddam’s regime, the 
marshlands got re-flooded due to the return of marsh dwellers, who broke many of the 
canals and local dams that had been built. 
In Chapter 2, the NDVI observations from AVHRR provided a long time series 
from 1982-2017 for the marshes and quantified environmental changes to that determined 
changes in vegetation and hydrology. We used three time periods - 1982-1992, 1993-
2003-, and 2004-2017. The change in land use is one of the primary features that has 
been used in this study to create classified land use maps. The classification of land cover 
using Landsat images quantified the spatial and temporal changes in vegetation, water, 
and barren areas for the marshes. The classified maps show that the marshes suffered 
from anthropogenic changes which started in the late 1980s into the early 2000s. Besides, 
the time series showed increase in water and vegetation coverage area and decrease in the 
barren area due to rehabilitation processes over the last period (2004-2017). However, 
this increase in vegetation and water bodies did not continue and in 2009, the study area 
and region lands suffered drought that led to a shrinkage in the marshes. In this chapter, 
we used statistical analyses to show the percentages of increases and decreases in NDVI. 
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We found low percentages of increases in NDVI for all marshes which were 
13.22%, 1.27%, and 16.29% for Al-Hammar, The Central, and Al-Huwaiza marshes, 
respectively. While the percentages of decreases of NDVI were extremely high which 
were 68.78%, 98.73, and 83.71% for Al-Hammar, The Central, and Al-Huwaiza marshes, 
respectively. The linear slope over the period 1982-2017 was significant at p<0.05 and 
p<0.1. Besides, we found that the degradation of vegetation and water bodies was had a 
statistically significant negative trend in mean annual discharge of the two main rivers in 
Iraq - Tigris and Euphrates. Where the annual discharge of Tigris has declined from 
~2500 m3/s to ~ 500 m3/s and the annual discharge of the Euphrates declined from ~1500 
m3/s to less than 500 m3/s. The predominant explanation behind the Mesopotamian 
swamp compounding ecological degradation were human activities. The shrinking water 
supplies due to uptake by Iraq's provincial neighbors (i.e., Turkey, Syria, and Iran) have 
had the greatest effect on water levels. 
In Chapter 3, we focused on the rehabilitation period 2002-2018 to detect the 
increases in NDVI. We used NDVI that is derived from three different sensors Landsat, 
MODIS, and AVHRR. We are interested in the differences in spatial resolutions, as we 
have the high-resolution Landsat (30m) with low temporal repeat (Bi-weekly), and the 
availability of Landsat images is from 1980s-Present;  the AVHRR has a low spatial 
resolution (5 km) but a good temporal repeat (daily), and has been available for a long 
time (the 1980s–present); and in between these two extremes is the MODIS, with 
moderate spatial resolution (1 km), good temporal repeat (daily), and a time interval of 20 
years (2000–present). In this study, we found the vegetation coverage area increased 
33.2% during rehabilitation years compared to 2002 (pre-re-flooding). The coefficient of 
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determination showed positive between the three different datasets. Besides, the linear 
correlation showed high, where 0.786, 0.774, and 0.959 between AVHRR vs. Landsat, 
AVHRR vs. MODIS, and Landsat vs. MODIS, respectively. Finally, this study proves 
that we can utilize the low-resolution AVHRR data for land cover changes, as it 
demonstrates a comparable spatial pattern to the high-resolution Landsat over the same 
time period. 
In Chapter 4, we computed NDDI using MODIS/ Aqua surface reflectance data 
that applied to monitor and analyze dust storms over Iraq. After a sensitive test, we found 
the threshold of NDDI values lower than 0.05 represent clouds and water bodies, while 
the NDDI values greater than 0.18 shows dust storm regions. Further, the threshold of TB 
310.5 K was found to distinguish between dust storms and the ground dust and sands. 
The TB values greater than 310.5 K represents ground sand and dust, while the aerosol 
and dust pixels are cooler than ground dust and sands. Summer 2009 was considered a 
drought year in Iraq and the neighboring countries due to lack of rain, high temperature, 
and the strong northwesterly winds boost dust erosion from the alluvial deposits in the 
Tigris and Euphrates basin. 
5.2 FUTURE WORK  
Firstly, drought is a major natural disaster in the different regions of the world. 
Iraq is one of the countries that recently faced several drought events. Drought occurs 
mostly due to precipitation deficit. Other climate factors contribute to drought events, 
e.g., temperature, wind, and humidity. This future work will calculate the Standardized 
Precipitation Evapotranspiration Index (SPEI) at various time scales i.e. 1, 3, 6, 12 
months across Iraq over long time series i.e. 38 years (1981-2018). Additionally, we will 
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use NDVI derived from AVHRR from 1981 to 2018. The statistical analyses between 
SPEI drought index and NDVI are important to demonstrate the sensitivity of NDVI. 
Moreover, we will analyze AVHRR/ NDVI and drought index to assess the fluctuations 
and trends in vegetation coverage areas over 38 years. Secondly, the analysis of long term 
remote sensing data to study the dust storms and assess the impact of climate changes and 
anthropogenic activities on Iraq and surrounding areas will be carried out. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
140 
 
APPENDIX A – REPRINT PERMISSIONS 
Permission to Reprint Chapters II, III, and IV 
https://www.mdpi.com/authors/rights 
